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Abstract
Truck parking is a critical concern for both the trucking industry and the truck drivers.
Long-haul commercial truck drivers rely on safe and adequate parking to support interstate
commerce, which has become a challenge due to parking shortages. The recent electronic
logging device (ELD) mandate, forcing a strict compliance to hours of service (HOS)
regulations, are leading to higher demand for parking. A number of federal, regional, and local
studies reveal that truck activity will increase and truck parking demand will outpace parking
supply in the coming years. Such parking shortages likely disrupt freight flows and pose risks to
truck drivers as well as to other highway users.
This study addresses truck parking shortages for long-haul commercial truck drivers in
three interconnected ways. The first study used historical, anonymous truck Global Positioning
System (GPS) data to determine the extent to which hourly parking usage patterns, i.e., average
parking duration, percentage of parked trucks, and parking usage ratio, vary by amenity
availability. A K-means clustering model grouped parking facilities by time of day parking usage
patterns, season, and geographic region. Each cluster, represented by parking usage patterns, was
then tied to unique amenity bundles. Three usage pattern clusters were identified: overnight
usage with long parking durations (Cluster 1), off-peak usage with long parking durations,
(Cluster 2), and off-peak usage with short parking durations (Cluster 3). In general, overnight
and longer duration parking was associated with facilities that had fewer amenities, notably
without showers, while peak and off-peak hours and shorter duration parking were associated
with full-service facilities.
In the second study, a systematic, data-driven review of the economic impacts of truck
parking facilities was accomplished. This study applied a spatial-autoregressive model with

autoregressive disturbances (SARAR) to estimate the impact on commercial and industrial land
values attributed to proximity to truck parking facilities. Significant benefits to local land values
were found: each 1% increase in distance from a parking facility was associated with a 0.25%
decrease in land values, which corresponds to a $224/acre reduction in value for an average
parcel.
In the third and final study, a parking decision-support tool ParkSIM was developed by a
group of researchers from the University of Arkansas. The author provided inputs to the location
optimization model, specifically in defining criteria and selecting sites for parking capacity
expansions and estimating budgets for bundled improvements as well as analyzed different
overcrowding estimates from the multiple simulations run under different HOS. The analysis
found 42 new locations and 50 existing facilities for expansions, each of which can be
considered for building new parking facilities under three service levels. The cost of a full
service facility (e.g., facility with restroom, showers, and food) was estimated to $14 million and
the cost of basic facility with no service was $2.8 million. The analysis of the model output
revealed that average overcrowding (more than 100% use of capacity) occurs at 26 of the 168
facilities in Arkansas with many significant overcrowding issues along the interstates.

©2021 by Sharif Mahmud
All Rights Reserved

Acknowledgements

Throughout my journey in the master’s program and in developing this thesis, I have
been blessed with a great deal of support and inspiration from numerous sources. I would like to
thank everyone who left their positive footprint on my life.
Firstly, I would like to express my deepest appreciation and gratitude to my advisor Dr.
Sarah Hernandez, who is a paragon of proper academic advising; the completion of the thesis
would not have been possible without the support and nurturing of her. I very much appreciate
her perseverance and enthusiasm in guiding me towards completion of the journal papers.
I would like to express my deepest appreciation to my thesis committee members Dr.
Suman Mitra and Dr. Sarah Nurre. Dr. Mitra has been my guru with his unwavering support and
motivation ever since I started my undergraduate education back in Bangladesh. I would like to
extend my sincere thanks to Dr. Nurre; I learned a great deal taking classes of her and working
with her.
I would like to extend my sincere thanks to my colleagues at the Freight Transportation
Data lab. I had great pleasure of working with Taslima, Magdalena, Sanjeev, Fu, Karla, and
Mariah. I am indebted to Taslima for being a lifetime friend and for her unrelenting support.
The work carried out for this thesis was supported by the ACTSEP program. I would like
to express my gratitude for the award of funding that enabled me to undertake the research.
Finally, I am perpetually grateful to my family for their unflinching support and belief in
me. My gratitude for everything my family bestowed upon me.

Table of Contents
Introduction ................................................................................................................................... 1
References ...................................................................................................................................... 5
1 Truck Parking Usage Patterns by Amenity Availability........................................................ 7
1.1 Abstract .......................................................................................................................... 7
1.2 Introduction .................................................................................................................... 8
1.3 Background .................................................................................................................. 10
1.4 Methods ........................................................................................................................ 12
1.4.1 Truck Parking Facility Inventory ..................................................................... 12
1.4.2 Parking Facility Usage Patterns ........................................................................ 14
1.4.3 Geographic Region ........................................................................................... 17
1.4.4 Clustering to Identify Truck Parking Usage Pattern Groups ............................ 18
1.5 Results .......................................................................................................................... 23
1.5.1 Data................................................................................................................... 23
1.5.2 Model Results ................................................................................................... 27
1.6 Discussion .................................................................................................................... 32
1.6.1 Sensitivity of the Model to AM and PM Peak Period Definitions ................... 34
1.6.2 Sensitivity of the Model to The Overnight Period Definition .......................... 34
1.6.3 Sensitivity of the Model to Median and Maximum Values of Usage .............. 35
1.6.4 Sensitivity of the Model to the Proximity to Interstate Variable ...................... 35
1.6.5 Sensitivity of the Model to Data Set Composition ........................................... 37
1.7 Conclusions .................................................................................................................. 38
1.8 Acknowledgments ........................................................................................................ 41
1.9 Author Contributions .................................................................................................... 42
1.10 References .................................................................................................................. 43

2 Impact of Truck Parking Facilities on Commercial and Industrial Land Values: A
Spatial Hedonic Model ............................................................................................................... 46
2.1 Abstract ........................................................................................................................ 46
2.2 Introduction .................................................................................................................. 47
2.3 Background .................................................................................................................. 49
2.4 Methodology ................................................................................................................ 52
2.4.1 Factors Influencing Land Value ....................................................................... 53
2.4.2 Spatial Econometric Model .............................................................................. 54
2.5 Case Study: Truck Parking in an Urban Area .............................................................. 57
2.5.1 Data................................................................................................................... 58
2.6 Results .......................................................................................................................... 63
2.6.1 Model Diagnostics ............................................................................................ 63
2.6.2 Parameter Estimates ......................................................................................... 64
2.7 Discussion .................................................................................................................... 68
2.8 Conclusion .................................................................................................................... 72
2.9 Acknowledgments ........................................................................................................ 75
2.10 Author Contributions .................................................................................................. 75
2.11 Declaration of Conflicting Interests ........................................................................... 76
2.12 References .................................................................................................................. 77
3 Input Development and Data Analysis for a Hybrid Agent-Based Simulation and
Optimization Tool for Statewide Truck Parking Capacity Expansion.................................. 81
3.1 Summary of the ParkSIM tool and Author’s Contribution .......................................... 81
3.2 Candidate Facility Selection ......................................................................................... 82
3.3 Cost Estimation for Capacity Extension ...................................................................... 84
3.4 Existing Truck Parking Facility Usage Patterns........................................................... 88

3.5 Overnight Observation Comparison ............................................................................. 89
3.6 References .................................................................................................................... 92
Conclusion ................................................................................................................................... 93

List of Figures
Figure 1.1 Stop cluster within a bounding box for a parking facility ........................................... 16
Figure 1.2 Service class distribution by the geographical location of facilities ........................... 17
Figure 1.3 Spatial distribution of existing truck parking facilities ............................................... 25
Figure 1.4 Average parking usage patterns by season and time period ........................................ 26
Figure 1.5 Finding optimal number of clusters (K) using the “elbow” method ........................... 28
Figure 1.6 Example time of day profiles for parking facilities contained in each cluster ............ 30
Figure 1.7 Matching accuracy for developed models ................................................................... 36
Figure 1.8 Spatial distribution of clusters in Arkansas ................................................................. 37
Figure 2.1 Spatial distribution of commercial and industrial land parcels in Little Rock, Arkansas
....................................................................................................................................................... 59
Figure 2.2 Spatial distribution of truck parking facility price elasticities (effects of parking on
land values measured by elasticities) ............................................................................................ 69
Figure 3.1 Spatial distribution of existing and potential new facilities ........................................ 84
Figure 3.2 ParkSIM estimate of parking overcrowding in Arkansas............................................ 88

List of Tables
Table 1.1 Service classes based on amenity availability .............................................................. 14
Table 1.2 Input features for K-means clustering algorithm .......................................................... 23
Table 1.3 Centroids of K-means model ........................................................................................ 29
Table 1.4 Confusion Matrix from K-means Clustering Model ..................................................... 32
Table 2.1 Descriptive statistics and definitions of variables (N = 4,859) ..................................... 62
Table 2.2 OLS and SARAR model results (N = 4,859) ............................................................... 66
Table 2.3 OLS and SARAR Model Results (N = 765) ................................................................. 71
Table 3.1 Estimated costs for new facility construction ............................................................... 85
Table 3.2 Cost estimation for a service class 1 facility (full service) model: Flying J. in
Russellville.................................................................................................................................... 86

List of Academic Papers
Chapter 1:
Mahmud, S., Akter, T., & Hernandez, S. (2020). Truck Parking Usage Patterns by Facility
Amenity Availability. Transportation Research Record, 2674(10), 749-763.
Chapter 2:
Mahmud, S., Hernandez, S., and Mitra, S. (In Review). Impact of Truck Parking Facilities on
Commercial and Industrial Land Values: A Spatial Hedonic Model. Transportation Research
Record.
Chapter 3:
Mahmud, S., Asadi, A., LaCrue, A., Akter, T., Hernandez, S., and Pinkley, S. (In Press). A
Hybrid Agent-Based Simulation and Optimization Approach for Statewide Truck Parking
Capacity Expansion. Procedia Computer Science, a journal of the conference ANT-2021: The
12th International Conference on Ambient Systems, Networks and Technologies.

Introduction
Truck parking shortage are a major bottleneck for the trucking industry. Industry surveys
rank truck parking as the third most important issue for the trucking industry and the top concern
for truck drivers in their professional lives. (ATRI, 2020). A significant upsurge of freight
activity in recent years owing to national economic growth and the rise of e-commerce has
increased the demand for truck parking. In addition to that, the freight activities are projected to
grow in the future. The Freight Analysis Framework (FAF) estimates freight tonnage will
increase at about 1.2 percent per year between 2018 and 2045 while the value of freight is
forecasted to grow at a faster rate than tonnage, rising from $1,016 per ton in 2018 to $1,455 per
ton in 2045 (BTS, 2019). By 2040, the Federal Motor Carrier Administration projects an increase
of truck tonnage over five billion tons, representing 66% of all goods and materials (BTS, 2019).
With such tremendous growth in freight activities, especially truck traffic, the demand for truck
parking is expected to grow significantly.
The magnitude of the parking problem is reflected in several federal and state legislations
as well as national and regional studies. The Moving Ahead for Progress in the 21st Century Act,
MAP-21 authorizes the US Department of Transportation (USDOT) to conduct the Jason’s Law
Survey to evaluate the adequacy of parking and rest facilities for commercial motor vehicles in
states along the National Highway System (NHS) (FHWA, 2015). The Jason’s Law Truck
Parking Survey (2015) reveals a severe crisis of truck parking: (i) the majority of the states (36
states, i.e., 72%) reported having parking shortage problem; (ii) more than 75% of truck drivers
reported experiencing problems with finding safe and adequate parking, while 90% reported
struggling to find safe and available parking during night hours (FHWA, 2015). Several state
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Department of Transportation (DOT) truck parking studies also identified a significant gap
between parking supply and demand (NDOT, 2019; AZDOT, 2019).
Such deficiencies have negative consequences on safety and efficiency as the truck
drivers need to adhere to federal hours of service (HOS) regulations. The Federal Motor Carrier
Safety Administration’s (FMCSA) HOS regulations limit the driving time to 11 hours after 10
consecutive hours off-duty and require the drivers to take a 30 minute short break after 8-hours
of driving (FMCSA, 2020). Due to the unavailability of safe and adequate parking, truck drivers
are presented with the difficult choice of (i) stopping early to find a parking spot, (ii) park in
undesignated, unsafe, and illegal locations like ramps, highway shoulders, vacant lots, or at
highway interchanges, or (iii) continue driving past their HOS allotment. The American
Trucking Associations (ATA) reported nearly 50% of the truck drivers were forced to park
illegally on the shoulders of highways or in other unauthorized locations due to lack of available
spaces (Transport Topics, 2020). Driving beyond the HOS limit or spending time searching for
parking leads to productivity loss and a decrease in economic competitiveness. Stopping early
costs a truck driver about $6,000, on average per year (Trucker Path, 2018). Again, ATA
reported that 40% of the truck drivers stop operating 31-60 minutes before the stipulated time to
find safe and available parking. This early stopping results in a yearly loss of 9,300 miles of
wage-earning potential, which is equivalent to a 12% drop in annual pay (FreightWaves, 2020).
Moreover, beginning in 2018, truck drivers are required to use Electronic Logging Devices
(ELD) that coordinates with a vehicle engine to automatically record driving time. Broader
adoption of the ELD mandate means stricter enforcement of the HOS regulations, as drivers with
ELD are relatively more likely to spend longer time searching for available parking than drivers
with no ELD (ATRI, 2016).
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Illegal parking poses severe safety hazards for highway users and truck drivers. Several
studies have found an association between truck parking shortage and fatigue-related crashes
(Chen & Zhang, 2016; Bunn et al., 2019). Truck driver fatigue contributes to 30–40% of all
heavy truck accidents (Wang et al., 1996). Moreover, illegal roadside parking can also deter the
movement of traffic by affecting roadway operations, create several undesirable environmental
problems like erosion, air pollution, and deteriorate pavement that are not built for withstanding
heavy vehicles for long hours (Smith et al., 2005). Further, parking in undesignated areas may
leave the drivers exposed to theft or other crime and can negatively affect local businesses or
residents (AZDOT, 2017).
In light of challenges to long-haul commercial truck drivers because of truck parking
shortages, following research questions was formulated:
1. Truck parking facilities can be simple unpaved lots or have several driver amenities like
fuel, restrooms, and food. Parking facility usage patterns are needed to predict and inform
how many parking spaces may be available by time of day. It is unknown how these
patterns might vary by facility amenity offerings. This research addresses the question:
To what extent do parking facility usage patterns vary by amenity availability?
2. Many local communities may oppose new truck parking facilities because of concerns of
noise pollution and safety. However, truck parking can also have positive economic
impacts. This research addresses the question: How do truck parking facilities impact
local economies?
3. State transportation agencies have limited budgets to put toward improving truck parking
facilities and adding new parking capacity. These budgets must stretch across an entire
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state. This research addresses the question: How to determine feasible locations for truck
parking facility capacity expansions across a state?
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1 Truck Parking Usage Patterns by Amenity Availability
Sharif Mahmud*, Taslima Akter, and Sarah Hernandez
*Corresponding author. Email: smahmud@uark.edu
1.1 Abstract
Truck parking is currently ranked by the American Transportation Research Institute (ATRI) as
the fifth most critical issue for the trucking industry and, more importantly, as the second most
important issue for truck drivers. Part of the problem can be attributed to inadequate supply of
parking and mandates for rest, e.g., Hours of Service (HOS) regulations, set by the Federal
Motor Carrier Safety Administration (FMCSA). Recent truck driver stated-preference surveys
reveal that amenities including restrooms, fuel, and showers are important considerations when
seeking a parking location. A link between parking usage patterns and facility amenity bundles
can guide transportation agency investments regarding the design and type of parking facilities
with high potential to mitigate overcrowding issues at certain times of day and can be used for
predictive modeling in real-time parking availability algorithms and information systems. This
paper used historical, anonymous truck Global Positioning System (GPS) data to determine the
extent to which hourly parking usage patterns, i.e., average parking duration, percentage of
parked trucks, and parking usage ratio, vary by amenity availability. A K-means clustering model
grouped parking facilities by time of day parking usage patterns, season, and geographic region.
Each cluster, represented by parking usage patterns, was then tied to unique amenity bundles.
Three usage pattern clusters were identified: overnight usage with long parking durations
(Cluster 1), off-peak usage with long parking durations, (Cluster 2), and off-peak usage with
short parking durations (Cluster 3). In general, overnight and longer duration parking was
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associated with facilities that had fewer amenities, notably without showers, while peak and offpeak hours and shorter duration parking was associated with full-service facilities.
1.2 Introduction
Truck parking shortages are an issue of national concern. Truck parking is currently
ranked as the third most important issue for the trucking industry and the top concern for truck
drivers (ATRI, 2020). A significant upsurge of freight activity in recent years owing to national
economic growth has created an increasing demand for truck parking facilities. However, the
demand for truck parking significantly outstrips the supply in many states in the US (Dowling et
al., 2014). The Jason’s Law Truck Parking Survey reveals a severe crisis of truck parking: more
than 75% of truck drivers reported experiencing problems with finding safe and adequate
parking, while 90% reported struggling to find safe and available parking during night hours
(FHWA, 2015).
Such deficiencies have negative consequences on safety and efficiency. Commercial
vehicle drivers, caught between the Federal Motor Carrier Safety Administration’s Hours of
Service (HOS) regulations limiting driving time to 11 hours after 10 consecutive hours off-duty
and the unavailability of safe and adequate parking, are forced to either continue driving past
their HOS allotment or park in undesignated, unsafe, and illegal locations such as ramps,
shoulders of roads, vacant lots, or at highway interchanges. Driving beyond the HOS limit or
spending time searching for parking leads to productivity loss and a decrease in economic
competitiveness. Such reductions in productivity worsen the growing driver shortage issue as the
demand for trucking and truck drivers increases to move the same amount of freight (ATA,
2015). Again, ATRI’s truck parking diary research garnered data on the frequency of illegal
truck parking in locations like highway shoulders or ramps, with 36.5% of drivers reporting that
8

the parking deficiencies compels them to park illegally three to four times per week (ATRI,
2016). Illegal parking poses severe safety hazards for highway users and truck drivers. Several
studies have found an association between truck parking shortage and fatigue-related crashes.
Truck driver fatigue contributes to 30–40% of all heavy truck accidents (Wang et al., 1996).
Moreover, illegal roadside parking can also deter the movement of traffic by affecting roadway
operations, create unnecessary environmental problems like erosion, air pollution, and
deteriorate pavement (Feleger et al., 2002; Smith et al., 2015).
To properly tackle this truck parking issue and prioritize projects under budgetary
constraints, state and federal agencies need information on truck parking usage patterns. In this
way, they can assess where to add parking capacity, how much to add, what types of facilities
(e.g. full service vs parking area only) are needed to mitigate parking shortages during different
times of the day and year, and to implement and improve real-time truck parking availability
prediction models and information systems. To better understand truck parking usage patterns,
the Arkansas Department of Transportation (ARDOT) conducts an annual observational survey
to monitor areas of congestion and prioritize truck parking capacity expansion projects. Parked
trucks are manually counted at private and public truck parking facilities and on- and off-ramps
along major interstates (e.g. Interstates I-30 and I-40) in Arkansas between 10 PM to 6 AM
during the same week each year. Additionally, the surveys collected data on capacity (number of
parking spaces) at existing parking facilities. Although the overnight study provides important
information on parking usage and capacity, it has some drawbacks. First, the survey does not
capture diurnal, seasonal, or spatial usage patterns due to the one-point-in-time methodology of
the overnight data collection. Second, the survey only considers the facilities located along
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Arkansas interstates due to budgetary and time constraints. There are many facilities located
along major highways that are not included in the survey.
Anonymous truck Global Positioning System (GPS) data fills these two critical gaps in
the overnight study data by providing spatially and temporarily continuous data. Truck GPS data
is continuously and passively collected and could be used to identify diurnal and seasonal
parking usage patterns. This paper leverages a large, national sample of anonymous truck GPS
Data to group truck parking facilities based on their parking usage patterns and assesses whether
the parking facility usage patterns are a result of amenity differences at the facilities. The results
of the analysis have several applications. First, for truck drivers and fleet managers, when
modeling optimal driver schedules and routes, it is necessary to know parking availability
patterns at facilities of different types in order to ensure realistic schedules. Second, for decisionmakers at state and federal agencies, it is important to know what types of facilities, if provided,
will alleviate parking congestion at different times of the day, days of the week, or seasons of the
year.
1.3 Background
Recent surveys and studies have addressed and explored truck parking shortage and its
consequences on highway users, truck drivers, and trucking agencies. A commercial vehicle
driver stated- preference survey, conducted by the Oregon Department of Transportation
(Hernandez & Anderson, 2017), revealed that 61% of the drivers encountered problems finding a
safe and adequate location for parking. The most important features drivers stated as important
when choosing a location to park were convenience to the highway, fuel, well-lighted parking
areas, and restrooms. Among other features, drivers mentioned showers, convenience stores, and
restaurants. Drivers also stated a preference for private truck stops, with amenities such as food,
10

showers, and laundry for short-term and overnight breaks as opposed to public facilities that
likely only have restrooms (Boris & Brewster, 2018; NCDOT, 2017 ). Showers and internet
connections were also found to be statistically significant in assessing the likelihood of finding
safe and adequate parking for large trucks. Anderson et al. (2018) utilized the truck driver stated
preference survey of the Oregon Department of Transportation to address truck parking issues
along US-97. The study analyzed drivers’ opinions regarding freeway ramp and shoulder parking
as well as the importance of specific features at truck parking facilities. A binary outcome model
developed in the study revealed that finding safe and adequate parking on weekdays was most
troubling for the truck drivers. Surprisingly, the absence of nearby parking facilities made it less
likely for truck drivers to encounter parking problems (Anderson et al., 2018). This calls into
question a great deal of subjectivity that exists among the respondents. To mitigate the issue of
subjectivity in stated preference research on truck parking, our study used passively collected,
anonymous truck GPS data to examine parking usage patterns.
There are a limited number of studies that used truck GPS data to study truck parking.
The University of Memphis collaborated with ATRI and Vanderbilt University to develop
methods to utilize truck GPS data to identify and analyze Tennessee’s primary truck freight
routes. They used Geographic Information System (GIS) tools to identify truck stops and rest
stops before analyzing their parking demand. For the same study region, Haque et al. (2017)
developed econometric models to explain parking utilization as a function of truck volumes,
average speeds, and a number of lanes on adjacent roadways, and by the time of day. They
identified the factors that affect truck parking utilization using GPS data. Truck volume on the
adjacent roadway and number of lanes positively contribute to truck parking utilization, whereas
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parking in undesignated spots decreases truck parking utilization. The study also found a varying
degree of truck parking utilization throughout the day.
Overall, the current body of literature on truck parking primarily focuses on (i) truck
parking capacity relying on manual counts and truck GPS data and (ii) parking demand relying
on stated preference surveys. Using these separate approaches has led to a gap in understanding
the impact of driver preferences on temporal and spatial parking usage patterns. The research
presented in this paper helps to close that gap by analyzing truck parking usage patterns in light
of amenity availability, adding a new dimension to truck parking research.
1.4 Methods
An unsupervised machine learning approach was applied to determine clusters of parking
usage patterns and to link those patterns to amenity bundles. ARDOT’s Overnight Truck Parking
Study and the Trucker’s Friends truck stop directory were used to inventory public and private
parking facility locations and amenity types. Anonymous truck GPS position data was used to
generate parking facility usage patterns. This section describes the methods of inventorying
parking facilities and extracting parking usage patterns.
1.4.1 Truck Parking Facility Inventory
Most states maintain an inventory of public parking facilities to comply with the requirements set
forth by Jason’s Law (3). The ARDOT Overnight Truck Parking Study was used in this work to
determine the location of public parking facilities and the capacity of public and private parking
facilities in Arkansas, while the Trucker’s Friend database was used to find the locations of
private facilities and their amenities. ARDOT has been conducting the overnight truck parking
study annually since 2006 during the week prior to Labor Day, i.e., the week before the first
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Monday in September, for instance, August 28th to September 2nd in 2016 (McKenney & WrightKenner, 2016). Teams of observers count the number of parked trucks at parking facilities located

along major interstates and highways between 10 PM to 6 AM. They observe and manually
document legal and illegal parking occurrences and facility capacity, e.g., the number of parking
spaces. The Trucker’s Friend Truck Parking Directory was used in this work to determine the
location of private parking facilities. The Trucker’s Friend is a national truck stop directory that
provides detailed information on truck stop locations and amenities (TF, 2017). It is commonly
referred to as the “Blue Book” among the truck drivers. This database contained information on
name, location, capacity, and availability of amenities, i.e., truck diesel, 24hr diesel, restaurant,
fast-food, convenience store, trucker store, and showers.
Amenity availability was considered as a binary variable, e.g., “Yes” indicated the
amenity was present at a particular truck parking facility and “No” indicated it was unavailable.
Because of their similarities and for simplification purposes, the following amenities were
combined: trucker diesel and 24hr diesel, restaurant and fast-food, and convenience store and
trucker store. Thus, a facility was considered to have fuel service if it provided “trucker diesel”
or “24hr diesel’. Based on amenity availability, parking facilities were grouped into six distinct
classes, from facilities with the most amenities (Full service, e.g., Class 1) to those with no
amenities (No service, e.g., Class 6) (Table 1.1). The majority of the private facilities (55%)
were considered to belong to Class 1, e.g., ‘Full service’. Public parking facilities within
Welcome Centers usually had a restroom, while other public facilities located along the
interstates usually did not provide any services. Thus, public facilities exclusively belong to
Classes 5 (Limited service with restroom) and 6 (No service).
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Table 1.1 Service classes based on amenity availability
Number of
Service Class

1. Full service

Fuel

Food

Store

Showers

Facilities

Restroom

Public

Private

Yes

Yes

Yes

Yes

Yes

0

67

Yes

No

Yes

Yes

Yes

0

2

Yes

Yes

Yes

No

Yes

0

32

Yes

No

Yes

No

Yes

0

19

No

No

No

No

Yes

9

0

No

No

No

No

No

9

0

18

120

2. Partial service
without food
3. Partial service
without
showers
4. Partial Service
without food
and showers
5. Limited service
with restroom
6. No service

Total

1.4.2 Parking Facility Usage Patterns
Anonymous truck GPS data, depending on the data vendor, typically contain a unique truck
identification number (ID), timestamp, latitude, longitude, point speed, and heading information.
Pre-processing is usually required to determine stop locations, stop arrival and departure times,
and stop duration. Algorithms to identify stop locations samples of GPS truck records have been
developed by Camargo et al. (2017) and adapted for statewide applications by Akter et al.
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(2018). These algorithms are summarized here, and the reader is directed to the mentioned
studies for further details.
First, a data validation assessment was applied in which records having fewer than 20
pings were removed from the data. For remaining records, space-mean-speed (SMS) and travel
time between each consecutive ping were calculated. The records having SMS greater than 81
miles/hour for more than two minutes were removed. Records with geographic coverage, e.g.,
the diagonal of the rectangular bounding box that surrounded the GPS pings, of less than 1.2
miles were then removed. Upon identifying valid truck records, the stop locations for each
unique truck record were found and compared to known parking facility locations. First, the
SMS between consecutive pings was calculated. If the SMS between a pair of pings was less
than 3 mph, the algorithm moves to the next pair and included each consecutive set of pings
meeting this condition as part of the stop cluster. Then stop duration was calculated as the time
difference between the first and last ping in the stop cluster. Finally, stop coverage was
calculated by finding the geographic bounding box surrounding the first and the last ping of the
stop cluster. If the stop cluster has a stop coverage greater than or equal to 0.2 miles for a
minimum stop duration of 5 minutes, then the stop cluster was considered as an observed stop
and included in the derivation of parking usage patterns.
After identifying stop clusters according to the process described in the preceding
paragraph, those clusters related to parking facility locations were determined. To do this, a
polygon was drawn around each parking facility included in the ARDOT Overnight Study and
the Trucker’s Friend directory (Figure 1.1). Stop clusters with a center inside the polygon were
considered parked trucks.
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Figure 1.1 Stop cluster within a bounding box for a parking facility
Parking facility time of day usage patterns were found by aggregating stops for the
unique truck records remaining after filtering for valid truck records. The following time of day
usage patterns, represented as 24-element vectors (e.g., 24 hours in a day) and estimated
separately for each season of the year, were determined from the GPS data for each parking
facility:
1. Parked Trucks, defined as the number of parked trucks in an hour divided by the total
number of trucks parked at the facility in 24 hours (Figure 1.6a, 1.6d, 1.6g),
2. Facility Usage Ratios, defined as the number of parked trucks each hour of the day divided
by the parking facility capacity (Figure 1.6b, 1.6e, 1.6h), and
3. Average Parking Duration, defined as the average parking duration of parked trucks by
hour of the day (Figure 1.6c, 1.6f, 1.6i).
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1.4.3 Geographic Region
Geographic region was represented as a binary variable indicating rural (0) and urban (1) areas as
defined by the U.S. Census Bureau (e.g., 50,000 or more population are urbanized area and less
than 50,000 people are non-urbanized rural areas (Census, 2018). In the context of truck parking,
rural and urban distinctions help to capture competition for parking space between long haul and
regional drivers needing amenities, general characteristics about the facilities not captured in
amenity characteristics, and differing demand patterns that may be related to pick-up/drop-off
activities in urban areas.
The majority (61.5%) of the urban facilities were full service while the rest were either
partial service without food or partial service without food and showers (Figure 1.2). Compared
to urban facilities, which only represent three service classes, the rural facilities were more
diverse, representing all service classes. However, a significant share (47.2%) of rural facilities
were full service.

Full service
0%

7%
7%

Partial service without
food

31%
12%
47%
0%
8%

Partial service without
showers
Partial service without
food or showers

62%
26%
1%

Limited service with
restroom
No service

Rural

Urban

Figure 1.2 Service class distribution by the geographical location of facilities
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1.4.4 Clustering to Identify Truck Parking Usage Pattern Groups
A bi-level unsupervised learning approach was applied to first determine clusters of parking
usage patterns and then to uniquely assign amenity bundles to each cluster. Unsupervised
machine learning was selected due to its demonstrated ability to handle complex variable
correlations and noise associated with large datasets. K-means clustering as a means of
uncovering underlying patterns in unlabeled data has gained popularity in the transportation
field. Its diverse applications include grouping public transport users based on the organization
of their activities over multiple weeks, finding patterns of bus operation level based on stop
frequency and stop duration in each hour, clustering passenger trip data based on mode choice,
and finding patterns linking truck speed and segment traffic volume (Goulet-Langlois et al.,
2016; Kadir et al., 2018, Wang et al., 2010; Wang et al., 2016). Although K-means clustering is
most commonly used for finding underlying patterns within large datasets, there is no established
threshold for sample size, making K-means a viable tool for many applications.
a. Unsupervised Machine Learning for Time of Day Usage Pattern Clustering
K-means clustering algorithm was used to determine groups, or clusters, of parking
facility usage patterns. K-means clustering is a form of unsupervised learning that identifies
groups or clusters in unlabeled or ungrouped data. This algorithm finds and groups a dataset into
K number of clusters. A cluster consists of a group of data points with features that are similar
within the cluster, i.e., low intra-cluster variance and dissimilar to data points lying outside of the
cluster, i.e., high inter-cluster variance (Bishop, 2006). The algorithm produces centroids that
define the clusters and are used to label data within the clusters. The sum of the squared
distances of data point to its assigned vector is represented by Equation 1 (Bishop, 2006). The
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goal is to minimize the within-cluster variance (J) by assigning each observation to a cluster (rnk)
and finding the cluster centroids (μk).
𝑁

𝐾

𝐽 = ∑ ∑ 𝑟𝑛𝑘 || 𝑥𝑛 − 𝜇𝑘 ||2

(1)

𝑛=1 𝑘=1

Where,
{x1,…, xN}

is the D-dimensional input feature vector x for each observation i =

𝜇k

is the cluster centroid vector for each cluster k (k = 1, ..., K)

rnk

is a binary indicator variable defining which of the K clusters the

1…N

data point xn is assigned to
K-means clustering algorithm requires the number of clusters to be determined a-priori.
To do this, several techniques are suggested in the literature including the elbow method,
information criterion approach, information-theoretic approach, intra, and inter-cluster variance,
and cross-validation (Kodinariya et al., 2013). Among these methods, the “elbow” method is the
most preferred method among contemporary machine learning users (Bholowalia & Kumar, 2014;
Syakur et al., 2018). This method considers the optimal number of clusters K as a function of the

total within-cluster sum of squares (Ng, 2012). K represents an elbow joint such that when the
within-cluster distance to the centroid is plotted against a different number of clusters, the graph
reaches a minimum value at K clusters.
As an unsupervised learning approach, the goal of K-means clustering is to find natural
groupings among data. Another use of K-means clustering, and one central to this paper, is for
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classification. Using a classes-to-clusters evaluation approach (Witten, 2016), the goal was to
uniquely assign a parking amenity class to each cluster. Thus, we were able to associate time of
day and seasonal use patterns with amenity availability.
b. Feature Selection
An 11-dimensional input vector x was created for the K-means clustering algorithm (Table
1.2) which included the binary variable for geographic region and 10 input features representing
time of day usage patterns estimated from the GPS data for each parking facility. Correlation
Based Feature Selection (CFS) was used to reduce the 36-dimension time of day usage pattern
vectors to a representative subset as follows. First, the 24-hour time of day usage patterns (e.g.,
Parked Trucks, Facility Usage Ratio, and Average Parking Duration) distinguished by season of
year were aggregated to peak periods. For example, each parking facility’s usage was characterized
by three parking usage attributes: peak period usage (6-9 AM and 4-7PM), off-peak usage (9AM4PM and 7PM-12AM), and overnight usage (12AM-6AM). Note that peak periods were defined
based on total traffic volume peak periods, not truck volumes or parking usage peak times.
Averages of time of day patterns were calculated separately for each season for each facility. Thus,
each facility was characterized by a 36-dimensional array, i.e., three time periods (peak, off-peak,
and overnight), four seasons, and three usage pattern types (Parked Trucks, Facility Usage Ratios,
and Average Parking Duration).
The 36-dimensional feature array was further reduced to 10 dimensions through a process
of Correlation Based Feature Selection (CFS). CFS performs better than other commonly used
feature subset selection approaches such as the Gain Ratio and Wrapper Method as it takes into
account the predictive power of each feature as well as the interactions between them (Karegowda
et al., 2010). This filtering algorithm ranks feature subsets according to a correlation based
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heuristic evaluation function (Hall, 1998). This function extracts features that are highly correlated
with the class and uncorrelated with each other.

𝑀𝑆 =

̅̅̅̅̅
𝑘𝑟
𝑐𝑓
̅̅̅̅̅
√𝑘+𝑘(𝑘−1)𝑟
𝑓𝑓

(2)

Where,
𝑀𝑆 is the heuristic “merit” of a feature subset S containing k features
𝑟𝑐𝑓 is the mean feature-class correlation (f ∈ S)
̅̅̅̅
𝑟̅̅̅̅
𝑓𝑓 is the average feature-feature intercorrelation
The numerator in equation (2) indicates the power of a set of features to predict the class
while the denominator indicates the redundancy among the features.
A subset of the 36 features representing time of day and seasonal parking usage was
selected by considering the individual ability of each feature to predict amenity class along while
reducing the degree of redundancy among selected features. Subsets of features that were highly
correlated with amenity classes while having low inter-correlation were preferred. Finally, a subset
of 10 features was determined from the usage patterns. To capture the impact of geographic
location of parking facilities on parking usage, a binary variable (1=Urban, 0 = Rural) was also
added to the input feature list (Table 1.2).
The 36-dimensional feature set (‘original’) and the resulting 10-dimensional feature
vector (‘reduced’) include variables for seasons. Seasons were included in the original feature set
to capture the impacts of seasonally shifting freight demands and behaviors. Origin-destination
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(OD), routing, and schedules are affected by commodity carried and its quantity (tonnage and
volume). In particular, OD and routing affect driver schedules which dictate rest needs over the
course of a day and thus can affect parking facility utilization and duration patterns by time of
day. Further, different types of commodities may be subject to different pick-up and delivery
time windows, which can also affect the demand for rest over the course of a day.
While all seasonal variables were included in the original feature set, the correlation
based feature selection method resulted in a reduced feature vector that contains a subset of time
of day parking pattern variables for each season. For example, the number of parked trucks in the
peak period was included in the feature vector for the spring, fall, and winter seasons but not for
summer while average duration by time of day during off-peak was considered for spring and
summer but not for fall and winter. The identification of different features by each season may
not have any immediate intuitive meaning, as they were selected using a statistical approach,
e.g., correlation based feature selection. The features included in the reduced feature vector are
highly correlated within each amenity class group but uncorrelated across groups. All variables
not included in the reduced feature vector were highly correlated with variables in the feature
vector and thus not necessary to include in the feature vector. The correlation based feature
selection is a form of data reduction.
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Table 1.2 Input features for K-means clustering algorithm
Season

Time of Day

Feature

1. Peak Period

Units
Percent

Parked Trucks
(6-9 AM and 4-7PM)
2. Off-Peak Period
Spring

Hours
Average Parking Duration

(9AM-4PM and 7PM-12AM)
3. Overnight Period

Percent
Facility Usage Ratio

(12AM-6AM)
4. Peak

Average Parking Duration

Hours

5. Off-Peak

Average Parking Duration

Hours

6. Peak

Parked Trucks

Percent

7. Overnight

Facility Usage Ratio

Percent

8. Peak

Parked Trucks

Percent

9. Off-Peak

Parked Trucks

Percent

10. Overnight

Parked Trucks

Percent

Summer

Fall

Winter

Binary (1 = Urban, 0
11. Geographic region
= Rural)

1.5 Results
Following a description of the data, a discussion of the facility clusters is provided in this
section.
1.5.1 Data
A total of 120 private truck stops in Arkansas were gathered from Trucker’s Friend after
omitting records that were reported to have zero capacity, i.e., which were assumed to be out of
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service. An additional 18 public parking facilities were gathered from the ARDOT Overnight
Study. Parking facilities were located along interstates I-30, I-40, I-49, I-55, I-440, I-540, and
Highway 67 (Figure 1.3). Of the total 244 legal parking facilities included in the Overnight
Study, 8% were public, 66% were private truck stops, and 26% were private businesses. For the
work described in this paper, 18 of the 20 reported public truck parking facilities were used. The
remaining public facilities were not used because they were closed during the period
corresponding to the available truck GPS data.
The truck GPS data used in this study came from the ATRI and covered four, two-week
periods. There were 358,092 unique truck records included in the sample with 338,304,135 pings
(latitude and longitude coordinates). According to the truck GPS data provider, the primary
source of these data is onboard communications equipment installed on commercial trucks of
large trucking firms and independent owner-operators (MnDOT, 2014). The data consist of
small, medium, large, and very large fleets where large fleets are the dominant type. The GPS
data used in the study represented a sample of around 10% of the truck population for the State
of Arkansas. The data was processed according to the heuristics developed by Camargo et al.
(2017) and Akter et al. (2018) to produce time of day patterns of Parked Trucks, Facility Usage
Ratio, and Average Parking Duration.

24

Figure 1.3 Spatial distribution of existing truck parking facilities
The input feature measuring usage, Facility Usage Ratio, was measured as the ratio of
parked trucks counted from the GPS sample to the total capacity of the facility. To estimate total
usage of the facility by time of day, sample expansion factors estimated in prior work were
applied (32). The expansion factors were defined by comparing truck GPS data with those
gathered from the manual counting of parked trucks during an annual observational Overnight
Truck Parking Study conducted by ARDOT in 2016. An expansion factor is the ratio of trucks
parked derived from the GPS sample to those observed during the Overnight Study. The
expansion approach ensures that the GPS sample is reflecting population count. The factors were
6.4, 5.4, and 4.2 for public, private truck stop, and private commercial parking facilities. To
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apply the factors, sampled GPS estimates of parked trucks were multiplied by their appropriate
factor to estimate usage by time of day.
From the GPS data with expansion factors applied, parking facility usage ratios were
highest during off-peak periods across all four seasons (Figure 1.4a). The same trend was seen
for the number of parked trucks (Figure 1.4b) and the average parking duration (Figure 1.4c).
Average parking duration ranged from 3.0 to 5.8 hours with trucks that arrived during the offpeak period tending to stay longer than those arriving during peak or overnight periods.
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(a) Facility Usage Ratio
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15
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5
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(b) Parked Trucks
Figure 1.4 Average parking usage patterns by season and time period
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Overnight
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(c) Average Parking Duration
Figure 1.4 Average parking usage patterns by season and time period (Cont.)

1.5.2 Model Results
The K-means clustering model was applied to approximately 138 truck parking facilities. Based
on parking usage patterns, three parking clusters (K = 3) from the 11-dimensional input feature
vector were found. To identify the optimal number of clusters (K), we applied the “elbow”
method by varying the number of clusters from one (K = 1) to 16 (K = 16). The within-cluster
sum of squares (WSS) plateaued beyond three clusters indicating minimal differences in cluster
characteristics when more clusters were added. Further, total WSS increased when the number of
clusters decreased below three clusters. According to the premise of “elbow” method, we
selected K = 3 as the optimal number of clusters (Figure 1.5).
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Figure 1.5 Finding optimal number of clusters (K) using the “elbow” method
Each cluster was defined by its 11-dimensional feature vector that represented its time of
day and seasonal usage pattern and geographic region (Table 1.3). To better visualize the cluster
characteristics, we examined the full, e.g., 24-hour, time of day patterns of facilities closest to the
cluster centroids (Figure 1.6). Cluster 1 was characterized by overnight parking with longer
durations, i.e., “overnight usage with long duration”. Cluster 2 was characterized by relatively
higher off-peak usage and longer duration parking terms, i.e., “off peak usage with long
duration”. Cluster 3 was also characterized by relatively higher off-peak usage but tended
towards shorter duration parking terms, i.e., “off peak usage with short duration”.
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Table 1.3 Centroids of K-means model
Season

Winter

Time of Day

Feature

Cluster 1

Cluster 2

Cluster 3

1. Peak

Parked Trucks

39.4%

34.5%

10.3%

2. Off-Peak

Avg. Parking Duration

7.3

7.9

4.8

3. Overnight

Facility Usage Ratio

12.8%

3.9%

4.4%

4. Peak

Avg. Parking Duration

5.9

5.5

3.5

5. Off-Peak

Avg. Parking Duration

5.6

6.2

3.9

6. Peak

Parked Trucks

27.8%

35.1%

8.4%

7. Overnight

Facility Usage Ratio

14.0%

3.7%

5.0%

8. Peak

Parked Trucks

42.3%

31.9%

7.5%

9. Off-Peak

Parked Trucks

45.8%

38.6%

8.3%

10. Overnight

Parked Trucks

46.1%

22.5%

6.4%

0.25

0

0.1

15%

23%

62%

Overnight

Off peak

Off peak

with long

with long

with short

duration

duration

duration

Spring

Summer

Fall

11. Geographic Region
% of parking facilities

General Description
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Average Parking Duration (hours)
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30%
25%
20%
15%
10%
5%
0%

12
10
8
6
4
2
0

Time of day

Time of day
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Figure 1.6 Example time of day profiles for parking facilities contained in each cluster
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After applying the K-means clustering algorithm, we assigned amenity groups to each of
the three clusters using the classes-to-cluster evaluation method (Table 1.4). Clusters were
“assigned” a class if the majority of that class was contained within that cluster such that each
class was assigned to only one cluster. Cluster 1 represented about 1% of truck parking facilities
and was assigned to amenity Class 4, "Partial Service without food and showers" but also had a
several facilities of amenity Class 3, “Partial service without showers”. Cluster 2 represented
about 23% of truck parking facilities and consisted of facilities with either “Full service” (Class
1) or “Partial service without showers” (Class 3). Using the class-to-clusters method, Cluster 2
was assigned to amenity Class 3, "Partial Service without showers". Finally, Cluster 3
represented about 62% of truck parking facilities, and like Cluster 2 was dominated by amenity
Class 1 and 3 but contained parking facilities representing all amenity classes. Ultimately,
Cluster 3 was assigned to amenity Class 1, "Full Service", i.e., all five amenities (gas, food,
store, showers, and restrooms). Overall, considering the clustering algorithm as a classification
tool, the algorithm correctly assigned 57% of the parking facilities to a cluster that matched their
true service class.
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Table 1.4 Confusion Matrix from K-means Clustering Model
Number
Service Class of Facility

Clusters

of
1

2

3

Facilities
1. Full service

67

2

12

53

2. Partial service without food

2

0

1

1

3. Partial service without showers

32

7

14

11

4. Partial service without food or showers

19

11

5

3

5. Limited service with restroom

9

0

0

9

6. No service

9

0

0

9

138

20

32

86

58%

44%

79%

Total Number of Facilities

Amenity Class-to-Cluster Assignment

Class-to-Cluster Matching: 57%
Note: Shaded cell shows assigned amenity class

1.6 Discussion
In general, Clusters 1 and 2, represented by partial service facilities, tended to have
higher number of parked trucks, usage ratios, and parking duration than Cluster 3, represented by
full-service facilities. Cluster centroids indicated a higher percent of trucks parking during the
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peak hours for parking facilities in Clusters 1 and 2 compared to Cluster 3. This potentially
indicates that showers were unimportant when a truck driver was parking during peak hours, 69AM and 4-7PM. This held true across winter, summer, and fall where the number of parked
trucks variable was found to be significant in defining unique clusters.
Full-service parking locations (i.e., Cluster 3) were used for shorter parking durations of
three to five hours. Alternatively, partial service parking locations were used for longer durations
(five to eight hours). This can potentially indicate the use of full-service facilities for short breaks
potentially for showers and meals, rather than longer overnight rest periods when partial service
facilities may be acceptable. The discrepancy in parking duration between full and partial
amenity facilities was the same for peak and off-peak periods.
Parking usage ratios were included to capture parking availability and showed that higher
overnight usage ratios were observed for partial service facilities without food or showers
(Cluster 1). This corroborates prior studies that show overcrowding during overnight periods
and suggests that demand during the overnight period was greater for partial service facilities.
In general, truck parking facility utilization during the overnight period was found to be
higher than other time periods. This can be attributed to drivers’ preference for long rest periods
during the night (10 consecutive hours or more as required by the FMCSA HOS regulations)
(Corro et al., 2019). Thus, it was important to consider the overnight period separate from other
periods. The specific hours defining peak, off-peak, and overnight categories were based on time
period definitions commonly used in statewide and regional planning models. However, time
period definitions may be arbitrary for truck parking considerations and, thus, a sensitivity
analysis was carried out in which the time period definitions were varied, and model accuracy
was assessed.
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1.6.1 Sensitivity of the Model to AM and PM Peak Period Definitions
Both AM and PM peak time periods were shifted by one to two hours and models were reestimated to assess sensitivity to peak hour definitions. The original model assumed an AM peak
period between 6AM and 9AM and a PM peak between 4PM and 7PM. Three additional models
(“Model with shifted AM peak”) were evaluated with AM peaks of 5-8 AM, 6-8 AM, and 6-10
AM and three additional models (“Model with shifted PM peak”) were evaluated with PM peaks
of 3-6 PM, 5-8 PM, and 6-9 PM. For each trial model, the clusters were re-evaluated and the
optimal number of clusters (K) was determined using the “elbow” method by ranging K from
one to 16. Alterations to peak time periods did not affect the number of clusters, i.e., three
clusters were found for each model, nor did they affect the class-to-cluster matches which
remained the same as the base model. Overall, the sensitivity analysis showed that overall
accuracy (as measured by correctly classified instances) did not improve by shifting the time
period definitions as the correct class-to-cluster match ranged from 53% to 56% (Figure 1.7).
1.6.2 Sensitivity of the Model to The Overnight Period Definition
Another sensitivity analysis was carried out by shifting the overnight period from 12AM to 6AM
to 10PM-6AM. The revised overnight period reflected the hours used during the Overnight
Truck Parking survey conducted by the Arkansas Department of Transportation. The model
developed with shifted overnight produced three clusters with identical class-to-cluster
assignment as the base model. However, class-to-cluster matching accuracy decreased to 52%
(Figure 1.7).
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1.6.3 Sensitivity of the Model to Median and Maximum Values of Usage
Time of day usage patterns were represented as averages during time of day periods (e.g., AM,
PM, off-peak and overnight). Averaging, as opposed to considering median or
maximum/minimum values, has the potential to disguise high variability within each peak
period. To assess the sensitivity of the model to use of average values, we re-estimated and
evaluated our model by considering the median and maximum hourly usage values within each
time period. Overall, we observed 55% and 52% matching accuracy when median and maximum
hourly values were used in place of average respectively (Figure 1.7).
1.6.4 Sensitivity of the Model to the Proximity to Interstate Variable
The resulting class-to-cluster assignment seemingly appeared to correlate with proximity to the
interstate system (Figure 1.8). Since the model did not consider interstate access, a sensitivity
analysis of the class-to-cluster assignment was carried out by defining an additional input
variable for each facility: proximity to the interstate. Proximity to the interstate was represented
as a binary variable such that parking facilities directly accessible to the interstate were labeled
as ‘accessible’ (1) while others were labeled as ‘inaccessible’ (0). Two models were produced
adding (i) proximity to interstate in place of geographic location, and (ii) both proximity to
interstate and geographic location to the feature vector. First, clusters were re-evaluated and the
optimal number of clusters (K) was determined using the “elbow” method by ranging K from
one to 16. The modified feature vectors showed minimal within cluster variance and maximum
inter cluster variance at K = 3, which was identical to the original model. Adding proximity
lowered class-to-cluster accuracy by approximately 11 percentage points (Figure 1.7) to 46% for
each model. Notably, when interstate proximity was added to the base model, replacing the
feature “geographic region”, a new class-to-cluster match was found: Class 5, limited service
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with restrooms was assigned to a cluster characterized by moderate overnight usage and short
duration parking. Similarly, reduction in model accuracy was found to be 11 percentage points
when both proximity to interstate and geographic region variables were added into the model.
Overall, adding interstate access to the model did not improve class-to-cluster accuracy. This can
likely be attributed to invariability of amenity types in relation to interstate proximity; in other
words, there are facilities with and without amenities that are accessible and inaccessible to the
interstate.

Models Developed

Proposed Model

57%

Median Values of Input

55%

Shifted AM Peak, 6-10 AM

55%

Shifted AM Peak, 6-8 AM

55%

Shifted PM Peak, 5-8 PM

55%

Shifted PM Peak, 3-6 PM

55%

Shifted PM Peak, 6-9 PM

54%

Shifted AM Peak, 5-8 AM

53%

Max. Values of Input

52%

Shifted Overnight, 10 PM-6 AM

52%

Proximity

46%

Proximity & Location

46%

30%

35%

40%

45%

Matching Accuracy

Figure 1.7 Matching accuracy for developed models
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50%

55%

60%

Figure 1.8 Spatial distribution of clusters in Arkansas
1.6.5 Sensitivity of the Model to Data Set Composition
Since K-means clustering is an unsupervised machine learning method, it is unnecessary to
assign data to training and testing as is done when applying supervised machine learning models,
e.g., unsupervised learning does not require “labeled” data (Bishop, 2006). The goal of
unsupervised learning methods like K-means clustering is to find underlying patterns in
unlabeled data. As applied in our paper, once patterns, e.g., clusters, are identified, each group is
assigned a unique class label based on the majority of instances in that class, e.g., class-to-cluster
assignment. Thus, the K-means and class-to-cluster assignment do not require a training phase
where patterns are learned and then a testing phase where assignments are evaluated (Witten,
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2016). Instead, all data were used for clustering and assignment. To demonstrate the sensitivity
of our model to randomized subsets of the data sample, we divided the dataset into training (2/3
or 66%) and testing sets (1/3 of 34%) using stratified random sampling by amenity class and
evaluate model performance. Clustering and class-to-cluster matching were performed on the
training data and then the model was evaluated solely based on testing data instances, which
were assigned to identified clusters and then grouped into service classes. Thirty random
training/testing splits were evaluated and resulted in a range of accuracy between 53 and 58%.
Overall, the matching accuracy is not affected by the split of data into training and testing
subsets.
1.7 Conclusions
The ability to tie parking facility usage patterns to facility amenities presents a valuable
addition to the existing survey methods used by the industry and transportation agencies to
respond to the needs of truck drivers. General preferences for amenities can be discerned from
stated-preference surveys but this only provides an understanding of average behaviors. The
method in this paper leverages observed, detailed usage patterns depicting time of arrival,
duration, location, etc. which are then associated with parking demands and usage by time of
day, season, amenity availability, etc. This allows for several practical applications. The design
of parking facilities, for example, can benefit from a clear understanding of what amenities
should be included to mitigate overcrowding at certain times of day. Specifically, as evidenced
by the findings in this paper, the decision to prioritize restrooms over fuel, showers, and food can
better control overcrowding during overnight periods when longer duration rest are sought at
non-amenity facilities. For truck drivers and fleet managers, information on parking availability
patterns at facilities of different types can allow for more efficient scheduling and routing needed
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to produce more accurate estimated times of arrival (ETAs) and billable miles. As a final
example, time of day parking usage profiles distinguished by facility amenity types can be used
to support macro- and microscopic simulations of travel behavior. In simulating statewide
parking demand, for instance, a new parking facility with given amenity characteristics can be
modeled to have varying parking availability by time of day that accurately reflects the usage
patterns for that specific type of facility.
To link representative parking facility usage patterns to facility amenities, we developed
a K-means clustering algorithm based on parking facility capacity estimates from the ARDOT
Overnight Truck Parking Study, parking facility amenity characteristics from the Trucker’s
Friend directory, and parking usage patterns derived from anonymous truck GPS data. Six
amenity service groups were defined for 138 parking facilitates spanning from full service with
fuel, store, restrooms, showers, and restaurants to no service facilities. Three distinct clusters
were identified based on parking usage patterns and location characteristics defined by a 11dimensional input vector representing the percent of parked trucks, average parking duration, and
usage ratios (parked trucks vs. capacity) by peak, off-peak, and overnight time periods and the
geographic region of the facilities. Clusters were found to represent unique patterns distinguished
as overnight usage with long duration (Cluster 1), off-peak usage with long duration parking
(Cluster 2), and off-peak usage with short duration (Cluster 3). A class-to-cluster assignment
method was used to assign each usage pattern defined cluster to a unique service class.
The classes-to-clusters evaluation method initially disregards the class attribute to
generate clusters. Then in the class-to-cluster match phase, the algorithm assigns classes to the
clusters based on the majority presence of the class within the cluster while also considering
unique class-to-cluster assignment. In this way an amenity class can be assigned to only one
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cluster. Thus, cluster 2 was assigned to “partial service without showers” class since the class has
majority presence within the cluster. This is a limitation of our strict class-to-cluster assignment
and reliance on k-means clustering which does not allow a facility to belong to more than one
cluster. In future work, we would like to explore fuzzy clustering approaches which would
enable more flexible groupings of facilities and could improve class-to-cluster assignment
accuracy. In all, although the correct classification rate was 57%, the paper presents a valid proof
of concept for using observed usage pattern data derived from GPS data to better depict demand
preferences for amenities.
Since demand for truck parking is outstripping supply and demand is expected to grow in
coming years with the rise of e-commerce and overall economic growth, state transportation
agencies will need to increase parking capacity through the variety of mechanisms. Identifying
critical corridors, time periods, and amenity needs where truck parking shortages are severe can
help public agencies prioritize investments and strategies, and the work in this paper supports
that effort. For example, state transportation agencies can re-open closed facilities and repurpose
vacant land parcels adjacent to highways to add physical parking capacity. However, state
transportation agencies often do not have the budgets to relieve all parking shortages by building
or operating their own infrastructure. Therefore, it is important that they serve as policy makers
and advocates towards this goal. For example, state transportation agencies can help to
designated parking for commercial vehicles in zoning codes, incentivize investment from private
industry through tax credits as well as foster Public-Private Partnerships. Federal funding
programs need to recognize this critical issue and help the states pay for the upkeep of the
parking facilities. For example, ATRI’s Highway Funding Analysis (HFA) report suggests an
adequate increase in federal fuel tax to help fund new parking facilities (Short, 2017).
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Another consideration for State DOTs is to implement real-time truck parking
information systems through changeable message signs and mobile device applications. This
would not add physical capacity but could alleviate drivers’ needs to search for parking and may
perhaps help to “spread out” overcrowding issues. Several parking applications for mobile
devices such as SmartTruckRoute, TruckMap, and TSPS are already used by drivers, but studies
are needed to determine their efficacy in reducing overcrowding (truckparkhere, 2020). The
work presented in this paper can guide development of parking prediction models for real-time
information systems such that predictions of available parking space is based on the relationship
between amenity types, observed historical duration patterns, and time of day variables.
While not possible in this work, as the authors only had access to one year of data from a
single data vendor, the methodology developed here can be applied to alternate sources of truck
movement data and used to analyze changes in parking behaviors over time. Tracking usage
patterns over time would help to characterize the impacts of infrastructure improvements on
parking demand and utilization. Use of alternate datasets from different data vendors, and fleets
could expand coverage of the sample to better reflect parking demand across wider industry
types, driver preferences, and fleet structures.
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2.1 Abstract
Strategic locations for truck parking capacity expansion should be selected to maximize
benefits to drivers and industry while minimizing negative externalities to communities. To
select strategic locations, local governments, developers, state transportation agencies, and
private truck stop operators need to understand how parking facilities impact local economies.
While sufficient parking capacity allows drivers to adhere to federally mandated rest
requirements, demand for safe parking is outpacing supply. Truck parking demand will likely
grow as freight tonnage is estimated to increase 1.2 percent per year between 2018 and 2045 and
mandates for Electronic Logging Devices (ELDs) go into effect. However, truck parking
facilities can be viewed by local communities and real-estate developers as producing pollution,
noise, and congestion. Yet, they may also represent economic opportunities for tax revenues for
the local economy and agglomeration benefits for surrounding trucking-related industries. To
address these concerns, there is a critical need for a systematic, data-driven review of the
economic impacts of truck parking facilities. This paper applied a spatial-autoregressive model
with autoregressive disturbances (SARAR) to estimate the impact on commercial and industrial
land values attributed to proximity to truck parking facilities. Significant benefits to local land
values were found: each 1% increase in distance from a parking facility was associated with a
0.284% decrease in land values, which corresponds to a $2,465/acre reduction in value for an
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average parcel. The findings of the study can help transportation agencies and truck stop
operators strategically locate truck parking facilities to harness economic benefits to local
communities.
2.2 Introduction
The Federal Highway Administration’s (FHWA) Jason’s Law Truck Parking Survey
reveals that more than 75% of truck drivers reported problems with finding safe and adequate
parking, while 90% reported struggling to find safe and available parking at night (FHWA,
2015). In response, Jason’s Law provides states with federal funds for truck parking
improvement projects, such as commercial vehicle parking adjacent to truck stops and travel
plazas. More recently, the Truck Parking Safety Improvement Act provides $755 million to states
to finance new parking capacity improvement projects (Congress, 2019). While transportation
agencies may consider mitigating shortages by constructing new facilities (AZDOT, 2019;
NVDOT, 2018), industry surveys reveal the need for identification of strategic locations to
expand truck parking capacity, rather than ad hoc capacity increases for all facilities (ATRI,
2019).
Adequate truck parking benefits drivers, shippers, receivers, and local economies.
Sufficient parking capacity allows drivers to adhere to rest requirements mandated by the Federal
Motor Carrier Safety Administration (FMCSA), which in turn can ensure the timely delivery of
goods (FMCSA, 2016). Parking facilities are typically considered to be used for short (30
minutes) and long (eight or more hours) rest breaks. However, the majority of the drivers (35%
on average) reported that truck parking facilities were used to meet specific delivery windows
and/or as staging areas prior to a scheduled pickup or delivery (Giron-Valderrama et al., 2018).
Drivers also reported longer (more than 10 hours) parking durations for staging compared to
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HOS rest requirements, fuel and truck cleaning, and restroom/dining services. Thus, businesses
that rely on efficient delivery of goods, e.g., distribution centers, likely benefit from the presence
of truck parking facilities in their proximity. Moreover, truck parking facilities may contribute
positively to local economies by generating tax revenues. Truck parking benefits local and
regional economies as truck drivers tend to deliver goods near the parking facilities (WSDOT,
2016).
Conversely, noise and vibration associated with heavy trucks may impose negative
externalities (e.g., noise, air pollution, congestion, and safety concerns) on surrounding land
uses, rendering them undesirable and lowering their monetary value (Rodrigue, 2016). As a
result, local communities may express NIMBY-ism (Not in My Back Yard) towards truck
parking facilities (Barradas, 2017). Truck parking also has to compete with other businesses for
available land. With the rising cost of land in metropolitan areas and increasing footprints of
manufacturing and wholesale facilities, land availability and cost will be a major concern for
parking capacity improvement projects (Giron-Valderrama, 2018).
Strategic locations for truck parking capacity expansion should be selected to maximize
benefits to drivers and industry while minimizing negative externalities to communities. To
select strategic locations, local governments, developers, state transportation agencies, and
private truck stop operators need to understand how parking facilities impact local economies.
However, this issue has yet to be addressed in the literature. A key component and starting point
for such an investigation is to measure the effect of parking facilities on local land values. Land
value is a measurable proxy for gauging economic impacts (Cervero, 1998). Thus, the objective
of this paper was to estimate the impacts on land value attributed to truck parking facilities.
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This paper applied a spatial hedonic regression model to explain the variation in
commercial and industrial land values as a function of the network distance of a parcel from the
nearest truck parking facility. Spatial models uniquely enable the evaluation of causal effects in
the presence of spatial autocorrelation among observations (land values). A major focus of the
paper was to measure the externalities of proximity to truck parking facilities in the presence of
confounding factors, such as labor force and median household income. The methodology was
applied to a case study in Little Rock, an urban area in Central Arkansas. The broader goal of
this research was to provide decision-makers with a numerical tool to measure the impacts of
truck parking facility location selection.
2.3 Background
Truck parking facilities provide necessary rest areas for commercial drivers and should
be considered components of efficient transportation systems and infrastructure. Broadly,
transportation infrastructure projects are directly and indirectly related to socioeconomic and
environmental changes in a region (Lakshmanan, 2011; Mohmand et al., 2017; Crafts 2009;
Canning & Bennathan, 2000). Examples of direct impacts are, in general order of magnitude,
reduction in travel time and cost, efficiency gains in freight movement, and increase in
production and profit for industries. Examples of indirect impacts, in general order of magnitude
are, agglomeration economies, knowledge and technology transfer, and urban environmental
degradation.
Econometric and other numerical models are often used to determine what factors
associated with a transportation project can be attributed to economic or other impacts. For truck
parking, the use of models has thus far concentrated on the estimation of parking facility usage
rates and driver preferences for amenities, rather than on impact assessment. For instance, Haque
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et al. applied econometric models to explain truck parking facility usage as a function of truck
volumes, average speeds, and number of lanes on adjacent roadways (Haque, 2017). Mahmud et
al. (2020) used historical, anonymous truck global positioning system (GPS) data to determine
the degree to which hourly parking usage patterns vary by amenity availability (Mahmud et al.,
2017). Neither model was able to relate truck parking presence or usage with local level impacts,
on land value, for example.
Often land value is used as a proxy for general economic impacts (Cervero, 2002). Much
of the focus in estimating land value impacts of transportation projects is on light rail, highway
capacity, or transit-oriented development (TOD) (e.g., Cevero, 2002; Ko & Cao, 2013). In
general, mixed effects were found between transit accessibility and price appreciation of
surrounding properties or land parcels. In a meta-analysis done by Debrezion et al. (2007),
accessibility impact, represented as percent change in property values, was found to range from 62% to 145% for properties within and beyond 0.25 mile of railway stations while an average
impact was about 16% (Debrezion, 2007). They also found that transit accessibility has a higher
average impact on commercial properties than on residential properties: the average impact on
commercial properties was 19.1% compared to 4.6% for residential properties. Ko and Cao
estimated an increase of $24.60/sq. ft on commercial and industrial property values after opening
of a light rail station (Ko & Cao, 2013). However, the land value impacts of truck parking
facilities are poorly understood (Rodrigue, 2016). Truck parking facilities differ from the transit
and other transportation infrastructures in the context of use, anticipated benefits, unanticipated
consequences, and scale of investments. For instance, truck parking facilities will bring more
truck traffic into an area, contributing to noise and air pollution, and vibration. While transit may
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share similar environmental disbenefits, it has the unique potential to provide better accessibility
and increase demand for residential and commercial (re)development of surrounding areas.
To estimate the impact of transportation investments on land values, econometric models
are often used. These include ordinary least squares (OLS) and spatial regression techniques such
as spatial error, spatial lag, and spatial-autoregressive model with spatial autoregressive
disturbances (SARAR) (Mitra & Saphores, 2016; Chalermpong, 2007). OLS models provide a
general understanding of the relationship between a response variable (land value) and a set of
explanatory variables (proximity, acreage), by assuming that sample observations are
independently generated (Lowther, 1997). However, OLS estimators may be biased in the
presence of spatial autocorrelation, i.e., correlation among nearby observations can be attributed
to their relative location in geographical space (Griffith & Chun, 2014). For instance, nearby
land parcels tend to influence each other’s monetary values in the real estate market (Griffith &
Chun, 2014). Instead, regression models like SARAR are used to explicitly capture spatial
effects to produce unbiased estimators (Mitra & Saphores, 2016).
Explanatory variables (or factors) used in prior work fall into four general categories: (i)
transportation network accessibility, (ii) economic agglomeration, (iii) socioeconomic, and (iv)
labor pool accessibility. Transportation network accessibility captures the benefits derived from
the ability to efficiently access the transportation network and include factors like proximity to
transportation facilities (e.g., truck parking facility, transit station). Categories (ii), (iii), and (iv)
capture the effects of controlling factors. Land values can be significantly affected by access to
amenities like parks and businesses, ease of accessibility to the Central Business District (CBD),
economic agglomerations like clusters of commercial and industrial land uses, and socioeconomic characteristics like population, number of jobs (Cervero & Duncan, 2002; Ko & Cao,
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2013). In fact, the impact of other confounding variables such as proximity to a large labor pool
may have an influence that is of higher magnitude than transportation facilities (Ko & Cao,
2013).
Due to the limitations of existing studies, e.g., inappropriateness of extending transit
studies to truck parking and inability of OLS models to capture spatial autocorrelation, the
objective of this paper was to identify and quantify the impacts of truck parking facilities on
local land values, specifically commercial and industrial land values, by applying spatial
regression techniques. The governing hypothesis was that proximity to truck parking will
increase commercial and industrial land values due to positive externalities associated with truck
delivery staging and parking capacity.
2.4 Methodology
A spatial hedonic regression model was applied to capture the effect of proximity to truck
parking facilities on the land value of commercial and industrial parcels while controlling for
confounding factors, e.g., labor pool and median household income. The methodology consists
of first selecting critical, measurable factors in line with the study’s hypothesis. Next, spatial
dependencies among these factors were evaluated by specifying an OLS model to diagnose
spatial autocorrelation and selecting an appropriate spatial model. Third, for the spatial
econometric model selected, formulation of the weight matrix and estimation of significant
factors were carried out. This section describes the methods used in the paper and their
underlying assumptions.
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2.4.1 Factors Influencing Land Value
The dependent variable used in this study was land value. Since the study utilized only parcel
land values, it does not consider any structural attributes, such as building age, size, and the
number of bedrooms, typically found in the hedonic studies.
In addition to the four categories of explanatory factors previously mentioned, a fifth
category, the ‘disamenity variable’ was considered in this study (Table 2.1). The variable of
interest (objective variable) was the ‘proximity to truck parking facilities,’ included in the
transportation network accessibility category. A continuous network distance from the centroid
of the nearest parking facility to the centroid of each parcel was calculated for the proximity
variable.
The controlling factors influencing land values were selected based upon an extensive
review of the relevant literature and a priori theoretical assumptions. Following Seo et al.
(2019), distance from the nearest highway exit was added to the variable list. Cervero and
Duncan found household income, regional labor force, and accessibility to downtown to be a
statistically significant predictor of land values (Cervero & Duncan, 2002). Median household
income, labor pool size, and distance from city hall (a proxy of CBD) were selected. Following
Ko and Cao, land use share of commercial, industrial, and residential uses was included as
covariates (Ko & Cao, 2013).
A binary, dummy variable (“disamenity”) was used to measure the impact of interstate
proximity to each land parcel. Following Mitra and Saphores, a distance band was selected to
capture the disamenity effects (e.g., noise, vibration, and pollution) of proximity to interstate
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(Mitra & Saphores, 2016). Disamenity takes a value of 1 if a particular property is located within
300 meters from its nearest interstate; otherwise, the value is 0.
2.4.2 Spatial Econometric Model
a. Spatial Dependence and Spatial Regression Model
The process of determining spatial dependency structures begins with OLS estimation,
regressing the response variable against a set of explanatory variables. The presence of spatial
autocorrelation is problematic for OLS, which can lead to biased regression coefficients or
correlation significance (Cenus, 2018).
Moran’s I and the Lagrange Multiplier (LM) tests are used to diagnose spatial
autocorrelation. A spatial correlogram is used to diagnose the extent of spatial dependence and to
determine an appropriate spatial band for the weight matrix of a spatial model (Wrigley, 1982).
The Lagrange Multiplier (LM) can be used to diagnose the structure of the spatial dependence as
spatial error or spatial lag, i.e., LMerror and LMlag (Anselin & Rey, 1991). When both LMerror
and LMlag values are significant, a combined spatial-autoregressive model with autoregressive
disturbances (SARAR) is appropriate. Following Kelejian, the SARAR model can be set up as
(Kelejian & Prucha, 1999):

log(𝑦) = 𝛽𝑋 + λWlog(y) + u
u = 𝜌W𝑢 + ε
Where,
y is an N × 1 vector of parcel land values
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(1)

X is an N × K matrix of exogenous variables
W is an N × N spatial weight matrix with 0 diagonal elements
β is the K × 1 vector of unknown slope coefficients
λ and 𝜌 are the spatial lag and error coefficients, respectively
u is a N × 1 vector of correlated residuals
ε is a N × 1 vector of independent and identically distributed errors
b. Weight Matrix
The spatial weight matrix is an integral part of spatial regression models, which represents the
spatial dependence between observations (Anselin, 2013). In this study, the commonly used
power distance weight matrix was applied (Duncan et al., 2017). The matrix is represented as
𝑊𝑖𝑗 = 𝑑𝑖𝑗 −2 if 𝑑𝑖𝑗 ≤ 𝑑 while 0 otherwise, where 𝑑𝑖𝑗 represents the Euclidean distance between
two parcels i and j and d is the threshold distance beyond which there is no spatial dependence
between parcels. The d can be computed using Moran’s I correlogram.
c. Summary Measures of Impacts
The interpretation of a SARAR model is not as straightforward as the OLS model because of the
spatial lag term λWlog(y), which creates feedback effects between spatially dependent parcels.
Assuming |λ| <1 and denoting the N × N identity matrix as I,
V ≡ (1 − λW)−1 = I + λW + λ2 W 2 +λ3 W 3 +.........
With 𝜔 ≡ (1 − λW)−1 (1 − ρW)−1 𝜀, Equation 1 can be written as,
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(2)

log(𝑦𝑖 ) = 𝑋𝑖𝑗 β𝑗 + λWXi𝑗 β𝑗 + λ2 W 2 𝑋𝑖𝑗 β𝑗 + λ3 W 3 Xi𝑗 β𝑗 + ⋯ + 𝜔

(3)

where the subscript ij on a matrix denotes the component on its ith row and jth column.
Equation 3 implies that the expected value of the log of the land value depends on a mean value
(term 𝑋𝛽) plus a linear combination of mean values taken by neighboring properties scaled by
powers of the spatial lag parameter λ. It also shows that the elasticity of the price of a parcel
varies with each observation. Simple derivations (see Mitra & Saphores, 2016) for a detailed
derivation) show that the elasticity of price of observation i with respect to the continuous
explanatory variable 𝑋𝑖𝑠 ((i,s) ∈ {1, … . , 𝑁}𝑋 {1, … , 𝐾}) is given by,
𝜕 ln(𝑦𝑖 )
𝑉 𝛽,
= { 𝑖𝑖 𝑠
𝛽𝑠 ,
𝜕ln (𝑥𝑗𝑘 )

𝑖𝑓 λ ≠ 0
𝑖𝑓 λ = 0

(4)

Following LeSage and Pace (2009), three scalar summary measures can be developed for each
explanatory variable 𝑠 ∈ {1, … , 𝐾}:
(i) Average Direct Impact (𝐴𝐷𝐼𝑠 ), computed by averaging the main diagonal terms of 𝛽𝑠 𝑉,
where 𝑉𝑖𝑖 is the diagonal terms of V.
𝐴𝐷𝐼𝑠 = 𝛽𝑠 𝑁 −1 ∑𝑁
𝑖=1 𝑉𝑖𝑖

(5)

𝐴𝐷𝐼𝑠 represents the average impact of each observation because of changes in the sth
explanatory variable, including the feedback effects between neighbors.
(ii) Average Indirect Impact (𝐴𝐼𝐼𝑠 ), computed by averaging only off-diagonal terms of 𝛽𝑠 𝑉:
𝐴𝐼𝐼𝑠 = 𝛽𝑠 𝑁 −1 ∑𝑖≠𝑗 𝑉𝑖𝑗
𝐴𝐼𝐼𝑠 represents spillover effects on other observations.
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(6)

(iii) Average Total Impact (𝐴𝑇𝐼𝑠 ), computed by averaging all row sums of 𝛽𝑠 𝑉. This is the
summation of direct and indirect impacts.
𝐴𝑇𝐼𝑠 =

𝛽𝑠

(7)

1−λ

In addition to measuring 𝐴𝐷𝐼𝑠 , 𝐴𝐼𝐼𝑠 , and 𝐴𝑇𝐼𝑠 , their statistical significance was also
assessed following (LeSage & Pace, 2009). To accomplish this, 𝛽, λ, ρ, σ2 were assumed to be
normally distributed. By using Equation 1, the means and covariance matrix were calculated.
The statistical significance of the impact measures was assessed based on 10,000 draws where
𝐴𝐷𝐼𝑠 , 𝐴𝐼𝐼𝑠 , and 𝐴𝑇𝐼𝑠 were calculated for each draw. Finally, statistical significance was assessed
by looking at the empirical distributions of those draws.
2.5 Case Study: Truck Parking in an Urban Area
The spatial regression model was applied to the City of Little Rock, the capital of the
state of Arkansas. Little Rock is the largest municipality in Arkansas, with a population near
200,000 and a total land area of 116.8 sq. miles (Census, 2020). Because of its central location
where several major interstates intersect, the city generates and attracts a large volume of truck
traffic, especially along interstates I-30 and I-440. In 2019, a link on I-30 within the Little Rock
Metropolitan Statistical Area (MSA) had annual daily traffic (ADT) of 18,900 trucks (ARDOT,
2019). Higher truck volume yields a larger demand for truck parking (ATRI, 2019). However, as
suggested in the literature, truck parking usage patterns are not well estimated based on nearby
roadway truck volumes alone (Corro et al., 2019). Both the state and the city have a long list of
overcrowded parking sites, which makes it important to invest in strategic capacity improvement
projects (Hartsell, 2019).
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The objective of this case study was to (1) demonstrate the applicability of spatial
regression models for truck parking infrastructure, and (2) identify and quantify the impacts of
proximity to truck parking on commercial and industrial land uses. Through this case study,
agencies such as the Arkansas Department of Transportation (ARDOT), private truck stop
operators, and local governments can make informed decisions regarding strategic locations for
truck parking facilities that consider driver parking demands as well as the economic impact of
truck parking facilities on local economies.
2.5.1 Data
Data required for model estimation include (1) truck parking facility location, (2) land value and
parcel, (3) network, and (4) economic and demographic data. Each data element is described in
this section.
a. Truck Parking Facility Location
The ARDOT Overnight Truck Parking Study was used to identify the location of public and
private truck parking facilities (McKenney & Wright-Kenner, 2016). The City of Little Rock has
seven truck parking facilities (Figure 2.1). The total capacity of the seven facilities is 213 spaces
with an average capacity of 30 spaces.
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Figure 2.1 Spatial distribution of commercial and industrial land parcels in Little Rock,
Arkansas
b. Land Value and Other Parcel Data
County tax assessor maps of land parcels are provided publicly through the Arkansas Geographic
Information Systems Office (AGISO). The spatial dataset contains assessed and improved land
parcel value, updated in 2019. The city has a total of 80,327 land parcels. Of these parcels,
86.7% are residential, 7.1% are commercial, 0.6% agricultural, 0.3% industrial, and 5.3% other
land uses like recreational and public service. The study focuses only on commercial and
industrial land parcels. After omitting the records with missing values and extremely high or low
prices (outliers), 4,854 (81% of total commercial and industrial land parcels in Little Rock)
remained for analysis. Outlier removal generally helps produce more intuitive results (Ko & Cao,
2013). The monetary value of sample commercial and industrial land parcels is averaged at
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$86.81/acre, with a minimum of $0.50/acre and a maximum of $6,437.90/acre (all in 10,000s)
(Table 2.1).
This study limited its data to publicly available sources for broader use. For the study
region in Arkansas, public tax assessor records were used to gather property value data. These
include only the improved and unimproved land values for broad land use categories including
(1) commercial improved (CI), (2) commercial miscellaneous (CM), (3) industrial improved (II),
and (4) industrial miscellaneous (IM). Detailed data on land parcel improvements such as percent
of space allocated to storage, office, sales, and parking were not available. To include the
improved land value in the model, details on the types of improvements would be necessary, but
in this case not available. Therefore, this study used the unimproved land value as a dependent
variable.
If more disaggregated categories of land improvement data are available, they should be
considered as a possible extension to the present study. For example, the PLUTO parcel data
maintained for New York includes highly detailed parcel improvement and structure data that
would make a significant contribution to the models described in this paper. Theoretically, the
accessibility benefits are primarily associated with the location of the parcel and not with
structures or on-site improvements (Cervero & Duncan, 2002), thus justifying our current
approach.
c. Network Data
The All Roads Network of Linear referenced Data (ARNOLD) network was used in the study.
Studies show that a highway exit may differentially impact property values relative to interstate
or highway links (Seo et al., 2019). Thus, both distances from the highway exit and interstate
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links were used to capture accessibility and disamenity effects. The shortest network distance
was used because of its ability to accurately capture the actual distance between origins and
destinations (Andersson et al., 2012). The shortest network distance from the centroid of city hall
(a proxy of CBD), the centroid of the nearest parking facility, the centroid of nearest airport and
the node representing the highway exit were computed for each parcel. Because ‘local roads’ are
the lowest functional class, the study used straight-line distance from parcels to a local road.
Following Mitra and Saphores, a disamenity variable was introduced for interstate links using a
distance band of 300 m from the land parcels to capture negative externalities, such as noise and
pollution (Mitra & Saphores, 2016). Network distance from the nearest airport was computed for
each parcel to capture the effects of proximity to local facilities. Similarly, network distance
from the nearest highway exit was computed for each parcel to capture the accessibility benefits
provided by the interstate.
d. Demographic and Economic Data
Socioeconomic attributes capture neighborhood characteristics in terms of population, household
income, jobs, and housing value. The 2018 American Community Survey (ACS) 5-year
estimates data on population, median household income, and median owner-occupied housing
value were collected from the US Census at the Census Block Group (CBG) level (Census,
2018). Labor pool accessibility considers commercial and industrial land uses near a large labor
pool. This data was also gathered from the US Census (Census, 2018). For data on the number of
jobs, Longitudinal Employer-Household Dynamics (LEHD) 2017 data were used (Census,
2020). To capture the impact of neighborhood characteristics on parcel land values, CBGs were
used as a proxy to represent the parcel neighborhood. However, CBG and parcel boundaries may

61

overlap. To overcome this problem, the CBG associated with a parcel was selected on the basis
of whether the parcel polygon centroid fell within the CBG boundary.
Economic agglomeration was represented as the share of land uses for all parcels within
the same CBG. Three land uses were considered for agglomeration effects: commercial,
industrial, and residential. Each parcel within a CBG was assigned the same proportion of land
uses observed for the CBG. The study controlled for the impact of residential land parcels by
adding a variable described as the “% share of residential land use (CBG level),” which was
proxy for the agglomeration effects of residential parcels on commercial and industrial land
parcels.
Table 2.1 Descriptive statistics and definitions of variables (N = 4,859)
Variable
Response Variable
Assessed property value ($/acre in 10,000s)
Explanatory Variables
Transportation Network Accessibility
Characteristics
Network distance from nearest truck parking
facility (Meters)
Network distance from nearest Hwy exit (Meters)
Euclidian distance from nearest local road
(Meters)
Economic Agglomeration Characteristics
Network distance from city hall (Meters)
Network distance from nearest airport (Meters)
% share of residential land use (CBG level)
% share of commercial land use (CBG level)
% share of industrial land use (CBG level)
Socioeconomic Characteristics
Median household income ($, CBG level)
Labor Pool Accessibility Characteristics
Labor pool size (CBG level)
Disamenity Variables
Parcel within 300 m of the nearest interstate
(Binary: 1-Yes, 0-No)

Mean

Standard
Deviation

Minimum

Maximum

86.81

187.84

0.50

6,437.90

8,117.63

4,846.18

2.82

24,171.99

2,033.01
55.36

1,575.91
50.41

3.59
0.23

11,021.72
1,035.62

9,510.90
12946.99
35.09
31.65
1.89

5,467.88
5075.58
22.87
20.56
3.62

148.19
15.33
0.00
0.39
0.00

23,315.96
23851.34
97.13
100.00
13.76

45,407

25,102

14,188

202,000

715.92

433.39

80

2,343

0.20

0.40

0.00

1.00
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2.6 Results
The Lagrange Multiplier (LM) tests yielded statistically significant (p-value <
0.001) LMerror and LMlag , where the magnitudes were found to be 201.85 and 243.34,
respectively, indicating high spatial autocorrelation and the need to apply a spatial regression
model. Since both spatial lag and error were significant, a combined spatial-autoregressive model
with autoregressive disturbances (SARAR) was applied. Again, as errors were not
heteroskedastically distributed, which was checked by performing the Breusch-Pagan / CookWeisberg test, the SARAR model via Maximum Likelihood (ML) was deemed appropriate
(Breusch & Pagan, 1979). Since errors were not heteroskedastically distributed as evidenced by
performing the Breusch-Pagan / Cook-Weisberg test, the SARAR model via Maximum
Likelihood (ML) was deemed appropriate (Breusch & Pagan, 1979). It is to be noted that
estimating SARAR model via ML can lead to biased and inconsistent estimators when errors are
heteroskedastic (see Bolitzer & Netusil, 2000). In the presence of heteroskedasticity, a
generalized spatial two-stage least squares (GS2SLS) estimator that relies on instrumental
variables and on the generalized-method-of-moments (GMM) is recommended (Bolitzer &
Netusil, 2000). For the weight matrix, the calculated Moran’s I correlogram was found to be 7.5
km. Thus, 7.5 km was used as the distance for the weight matrix.
2.6.1 Model Diagnostics
Two hedonic regression models, OLS and SARAR, were estimated via maximum likelihood
using Stata16. Three data transformations, log-linear, linear-log and log-log, were applied to
account for assumptions of linearity in model formulations. The variance inflation factor (VIF)
for the 10 explanatory variables indicates that multicollinearity was not an issue (maximum VIF
= 2.61).
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In terms of statistical significance, the OLS results mostly agree with SARAR results
with few exceptions. While the percentage share of industrial land use and median household
income were significant and percentage share of residential land use was not significant in the
OLS model, the opposite was found in the SARAR model (Table 2.2). In terms of directionality
of significance, the main difference was that the OLS model found truck parking facilities have
negative spillover effects on the local commercial and industrial properties whereas the opposite
was found in the SARAR model.
In the estimated log-log SARAR model both spatial lag (λ) and spatial error (ρ) were
statistically significant and between -1 and 1, as required since the spatial weight matrix was
row-normalized (Bolitzer & Netusil, 2000). This result confirms the presence of spatial
autocorrelation in the data and indicates the importance of considering spatial autocorrelation
that exists in geospatial data especially property values. Since the study found high spatial
autocorrelation in the data, the OLS model was deemed inappropriate. Moreover, based on the
Akaike Information Criterion (AIC) and Bayesian Information Criterion (BIC), the SARAR
model outperformed the OLS model. The rest of the section will discuss the results of the
SARAR model. The log-log SARAR model was selected as the final model since it had a higher
correlation between predicted and observed values of the dependent variable.
2.6.2 Parameter Estimates
The SARAR model indicates that most of the explanatory variables were statistically significant
at the 1% probability level except for distance from the airport, industrial land use share, median
household income, and the disamenity variable (proximity to interstate interpreted as a binary
indicator). Three explanatory variables captured the effects of transportation network
accessibility—nearest highway exit, local road, and truck parking facilities. All the transportation
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network accessibility variables were found to be strong predictors of parcel land values, and the
estimated coefficients possess expected signs.
Based on direct impacts, parcel land value has negative association with network distance
from the nearest truck parking facility (ADI = -0.284), network distance from the nearest
highway exit (ADI = -0.287), and Euclidian distance from nearest local road (ADI= -0.145), and.
The magnitude and negative sign on the estimated coefficient of the parking facility variable
confirms the hypothesis of the study: the presence of a truck parking facility confers positive
externalities (benefits) to the local commercial and industrial land uses.
A direct impact can be interpreted as an average elasticity, e.g., a 1% increase in distance
from a parking facility was associated with a 0.284% decrease in land values (ADI = -0.284). For
a parcel valued at the mean land value in the city, i.e., $868,100/acre, a 1% increase in distance
corresponds to a $2,465/acre reduction in value. The proximity benefits of parking can be
explained by parking capacity and staging delivery services provided by the parking facilities to
the commercial and industrial land uses. Thus, a property with an assessed value of
$868,100/acre that is located 100 m from a parking facility will have a value of $24,654/acre
higher than an identical property located 110 m from a parking facility. Again, consistent with
theory, being near the highway exit and local road have value-added effects on the parcel land
values. All else being equal, a 1% increase in distance to highway exit was associated with a
0.287% decrease in parcel land value while a 1% increase in distance to the local road was
associated with a 0.143% decrease in parcel land value. This represents $2,491/acre and a
$1,241/acre decrease in land value, respectively for a parcel valued at $868,100/acre.
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Table 2.2 OLS and SARAR model results (N = 4,859)
Variable
Transportation Network
Accessibility Characteristics
Network distance from nearest
truck parking facility (Meters)
Network distance from nearest
highway exit (Meters)
Euclidian distance from
nearest local road (Meters)
Economic Agglomeration
Characteristics
Network distance from city
hall (Meters)
Network distance from nearest
airport (Meters)
% share of residential land use
(CBG level)
% share of commercial land
use (CBG level)
% share of industrial land use
(CBG level)
Socioeconomic
Characteristics
Median household income
($, CBG level)
Labor Pool Accessibility
characteristics
Labor pool size (CBG level)
Disamenity Variables
Binary: 1 if Parcel within 300
m of the nearest interstate; 0
otherwise.
Constant
Spatial Diagnostics
Spatial lag coefficient (λ)
Spatial error coefficient (ρ)
Goodness of Fit Statistics
AIC
BIC

OLS

Log-Log SARAR
ML
AII

Coefficient

ADI

ATI

0.215***

-0.278***

-0.284***

0.104***

-0.179***

-0.273***

-0.279***

-0.287***

0.105***

-0.181***

-0.170***

-0.139***

-0.143***

0.053***

-0.091***

-0.398***

-1.601***

-1.650***

0.606***

-1.043***

0.389***

-0.066

-0.068

0.025

0.043

0.0002

0.005***

0.005***

-0.002***

0.003***

0.011***

0.012***

0.012***

-0.004***

0.008***

-0.024***

0.007

0.007

-0.003

0.004

0.638***

0.126

0.131

-0.048

0.083

0.348***

0.200***

0.206***

-0.076***

0.131***

-0.037

-0.003

-0.001

0.002

0.0005

4.188***

36.774***
-0.533***
0.950***

15,448.05
15,525.90

14,532.48
14,558.43

Note: For the log-log SARAR ML model continuous explanatory variables were logtransformed. The dependent variable assessed land values is in $/acre (in 10,000s). ML =
Maximum likelihood
* Significant at 10% probability level
** Significant at 5% probability level
*** Significant at 1% probability level
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The results indicate measurable benefits of economic agglomeration on parcel land
values. Except for industrial land use share, the other three economic agglomeration variables—
distance from city hall, commercial and residential land use share— were statistically significant
at a 1% probability level and the coefficients showed expected signs. In terms of the magnitude
of ADI, the network distance from the city hall (proxy for CBD) had the highest impact on land
value and the value tended to drop for parcels locate farther away from city hall. A 1% increase
in distance from the city hall was associated with a 1.65% decrease in land value, which
corresponds to a $14,324/acre decrease in value for a property valued at $868,100/acre. A 1%
increase in distance from airport was associated with -0.068% decrease in land value while 1%
increase in commercial, industrial, and residential land share was associated with 0.012%,
0.007%, and 0.005% increase in land value, respectively.
To account for the multicollinearity, the number of jobs, population, and housing value
variables were excluded from the model. The only retained socioeconomic variable—median
household income—was not statistically significant possibly because of less variability in the
data set as the study area was restricted to the city boundary.
The magnitude and positive sign on the labor pool variable indicates that commercial and
industrial properties gain positive externalities by having access to potential customers and/or
employees. For a 1% increase in the labor pool size, the land value goes up by 0.206%. Finally,
the disamenity variable was not statistically significant possibly because compared to residential
properties, commercial and industrial properties are less sensitive to noise, vibration, pollution,
and congestion (Seo et al., 2019).
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2.7 Discussion
Of all variables considered, the proximity to a truck parking facility had the third highest
impact on land value, led by proximity to city hall (first) and highway exit (second). To capture
the distribution of impacts of truck parking facilities on parcel land values, price elasticities were
calculated for each parcel. The spatial distribution of parking facility price elasticities (Figure
2.2) reveals that negative elasticities (i.e., price decreases as the distance to nearest truck parking
facilities increases), tend to be higher in east Little Rock. This finding suggests that locating new
parking facilities in east Little Rock may lead to higher commercial and industrial land values in
that area. This could be seen as a benefit to industrial agglomeration in that area thus improving
economic conditions.
The resulting coefficients and statistical significance of the parameters in the estimated
model were consistent with the previous research related to transit. For example, the current
study found distance to city hall (a proxy for CBD) to be a statistically significant predictor of
land values, and land values tended to decrease as the parcels are located away from city hall
(Nelson, 1999). The median household income was not significant in this study, in line with (Ko
& Cao, 2013). Again, consistent with (Ko & Cao, 2013), access to labor positively benefitted
land values. This positive relationship reflects the importance of commercial and industrial
properties to locate close to a large pool of potential labor or employees. Consistent with (Seo et
al., 2019), the disamenity effects of interstate links on land values was not statistically
significant, although the proximity to the interstate was found to have negative externalities on
nearby land values consistent with the findings of (Cervero & Duncan, 2002). For reference, the
model was also estimated using disamenity thresholds of 250 and 400 meters. While the
magnitude of the result changed slightly, the direction and significance level did not change. So,
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following previous literature, the results are reported for the 300 meter threshold for the
disamenity variable (see Mitra & Saphores, 2016; Griffith & Chun, 2014). The proximity of
highway exits was consistent with the findings of (Seo et al., 2019).

Figure 2.2 Spatial distribution of truck parking facility price elasticities (effects of parking
on land values measured by elasticities)
To assess the economic impact of truck parking facilities across a large metropolitan area, a
SARAR model following the formulation described previously was estimated for the West Memphis,
Arkansas metropolitan planning organization (MPO). The West Memphis region contains three cities and
is located east of Little Rock, at the eastern border of the state along a major trucking corridor, Interstate
40. West Memphis MPO covers a population of 37,449 and a total land area of 49.42 sq. miles (Census,
n.d.). In 2019, a link on I-40 within the West Memphis MPO had annual daily traffic (ADT) of 17,000
trucks (ARDOT, 2019).The resulting SARAR model for West Memphis finds that the parking facility
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variable is not statistically significant, unlike the model for Little Rock. However, the directionality of the
coefficient aligns with the Little Rock model results, indicating positive benefits of truck parking facilities
on local commercial and industrial land parcels (Table 2.3). The discrepancy in statistical significance
could be due to the smaller data set for West Memphis (N = 765, compared to N= 4,854 for Little Rock).
The West Memphis region, although along a major trucking corridor, is less commercially dense and has
lower population than Little Rock.
The comparison of models estimated from West Memphis and Little Rock demonstrates that there is
regional context to consider when estimating the effects of parking facilities on commercial land values.
Although many contextual variables were considered, e.g., transportation accessibility, economic and
socioeconomic characteristics, there are measurable differences in the effect of truck parking on
commercial land values. The purpose of the model presented in this paper is to provide an appropriate
model specification and formulation to quantify the economic impact of truck parking facilities. Future
work should estimation the model across a number of regions for a meta-analysis to estimate ranges of
possible impacts.
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Table 2.3 OLS and SARAR Model Results (N = 765)
Variable
Transportation Network
Accessibility Characteristics
Network distance from nearest
truck parking facility (Meters)
Network distance from nearest
highway exit (Meters)
Euclidian distance from
nearest local road (Meters)
Economic Agglomeration
Characteristics
Network distance from city
hall (Meters)
Network distance from nearest
airport (Meters)
% share of residential land use
(CBG level)
% share of commercial land
use (CBG level)
% share of industrial land use
(CBG level)
Socioeconomic
Characteristics
Median household income
($, CBG level)
Labor Pool Accessibility
characteristics
Labor pool size (CBG level)
Disamenity Variables
Binary: 1 if Parcel within 300
m of the nearest interstate; 0
otherwise.
Constant
Spatial Diagnostics
Spatial lag coefficient (λ)
Spatial error coefficient (ρ)
Goodness of Fit Statistics
AIC
BIC

OLS

Log-Log SARAR
ML
AII

Coefficient

ADI

ATI

-0.182***

-0.135

-0.140

-0.040

-0.179

0.093

0.209*

0.211*

0.062

0.273*

0.431***

0.393***

0.395***

0.124

0.520***

0.017

0.088

0.092

0.020

0.112

-0.067

-0.146

-0.150

-0.037

-0.188

0.001

0.002

0.002

0.001

0.002

0.010***

0.010**

0.010**

0.003

0.013**

-0.031***

-0.024

-0.024

-0.007

-0.032

0.499***

0.414

0.422

0.124

0.547

0.586***

0.495**

0.510**

0.143

0.654**

0.678***

-0.639***

0.928***

0.196

1.123***

1.139

-0.778
-0.234*
0.403***

2454.81
2510.49

2354.55
2424.14

Note: For the log-log SARAR ML model continuous explanatory variables were logtransformed. The dependent variable assessed land values is in $/acre (in 10,000s). ML =
Maximum likelihood
* Significant at 10% probability level
** Significant at 5% probability level
*** Significant at 1% probability level
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2.8 Conclusion
This study leveraged publicly accessible land parcels, networks, and socio-economic data
to estimate the impact of truck parking facilities on commercial and industrial property values in
Little Rock, Arkansas. To control for spatial autocorrelation, this study estimated a spatial
autoregressive model with spatial autoregressive disturbances (SARAR) using maximum
likelihood estimation. A comparison between OLS and SARAR model illustrated the perils of
using OLS in the presence of spatial autocorrelation. The explanatory variables selected in the
models represent five general categories of impacts: transportation network accessibility,
economic agglomeration, socioeconomic, labor pool accessibility, and disamenity.
The SARAR model indicates that increased distance to a highway exit, local road, truck
parking, and city hall was attributed to decreases in land value; while increases in the shares of
residential, commercial, and industrial land uses, and the labor pool were attributed to increases
in land value. Transportation network accessibility variables, including the proximity to a truck
parking facility, were found to be strong predictors of commercial and industrial parcel land
values.
The magnitude and sign on the coefficient of the parking facility proximity variable
confirmed the hypothesis that proximity to truck parking facilities increases commercial and
industrial land values. For a commercial parcel valued at the mean land value in the city, i.e.,
$868,100/acre, a 1% increase in distance to parking corresponds to a $2,465/acre reduction in
land value. Thus, a property with an assessed value of $868,100/acre that is located 100 m from a
truck parking facility will have a value of $24,654/acre higher than an identical property located
110 m from a truck parking facility. The proximity benefits of truck parking can be partially
attributed to the availability of delivery staging made possible by the truck parking facilities.
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These findings contribute to our understanding of the impacts of truck parking facilities
on local economies as represented by commercial and industrial land values. This information
can be used to strategically locate new truck parking facilities in such a way as to minimize
negative impacts (decreased property values) while maximizing positive externalities
(transportation accessibility). As evidenced by the case study, high negative elasticities (the
estimated impact of distance to a truck parking facility on land values) were observed in east
Little Rock. This indicates an opportunity to improve economic conditions for commercial
entities in specific areas of a city by adding truck parking capacity. However, the findings of the
Little Rock model could be context specific and careful consideration needs to be taken to
generalize the findings since truck parking facility variable is not statistically significant in the
West Memphis model. Future work should perform a meta-analysis by applying and estimating
the model to regions of varied geographies, populations, and economic settings to produce a
range of possible impacts across varied contexts.
The current paper presents a foundational model with good fit for two different case
studies and ensures the application of the model in other regions. However, while the results of
the impact of truck parking facilities on commercial and industrial property value is significant in
Little Rock model, it is not statistically significant for West Memphis, suggesting the necessity
of treating each context differently. Future studies using data from other areas and context
specific variables are needed to generalize the findings of the current study.
However, positive externalities derived from a truck parking facility may not flow
directly to the local jurisdiction or have affects limited to the jurisdiction’s geographical
boundaries. Depending on the size and taxation system of the geographic entities, which vary by
region, the positive externalities created by a parking facility may not align with its impacts to
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the region. For instance, the jurisdictions that benefit from truck parking facilities may not
necessarily own or maintain the roadways linking to that facility; the roadways may be
maintained by some other jurisdiction (or state agency) that may realize the negative impacts of
truck parking, e.g., pavement damage, noise, or congestion. Therefore, a cooperative effort
among local jurisdictions is needed to address this problem.
It should be noted that local planning and zoning decisions and negative public
perceptions can pose challenges for truck parking development. Local jurisdictions may not have
provisions for truck parking in their zoning ordinances. While making decisions regarding
zoning amendments to permit truck parking uses, local governments—counties or
municipalities—may not exclusively consider economic factors; other issues such as compliance
with the general plan and state laws may be crucial. Moreover, local residents and advocates may
raise concerns and statutory issues (e.g., local laws) to challenge parking development which
local agencies would need to address. Coordination between state and local governments and
their planning and zoning programs are needed to harness the benefits and address the needs of
truck parking and to eventually tackle potential constraints related to parking development.
This study should be extended to include truck parking areas of different types, e.g.,
public truck stops and rest areas in addition to the private truck stops included in the model, to
see if there are measurable differences in land value impacts based on facility type. The present
study did not consider differences in amenity (e.g., showers, fuel, restaurants) availabilities of the
facilities. However, the methodology developed in this paper could be applied to other areas,
which contain a larger variety of parking facilities types. Amenity availability at truck stops, both
public and private, may contribute to variation in usage (Mahmud et al., 2020) and land value
impacts and should be considered in future work. For instance, public rest areas typically do not
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provide amenities like showers, restaurants, or fuel thereby making them less desirable than
private truck stops thus altering their economic impacts evidenced by land values (FHWA,
2015;Mahmud et al., 2020).
The focus of the study was commercial and industrial properties. A different model
specification and hedonic regression model would likely result if considering other property
types, e.g., residential property. This is attributed to the differences in factors impacting land
values of commercial properties as compared to residential properties (e.g., Ko & Cao 2013;
Kim & Lahr, 2013). For instance, the modeler may want to consider distance from the nearest
school as predictor variable while modeling residential property values, which are not similarly
important for commercial properties (Hite et al., 2001).
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3 Input Development and Data Analysis for a Hybrid Agent-Based Simulation and
Optimization Tool for Statewide Truck Parking Capacity Expansion
3.1 Summary of the ParkSIM tool and Author’s Contribution
To tackle growing truck parking shortages, parking capacity expansions are needed. A
team of researchers from the University of Arkansas developed an agent-based simulation and
optimization approach called ParkSIM to model truck movements and driver behaviors to
determine feasible locations for statewide truck parking facility capacity expansions (Mahmud et
al., 2021). The tool involves two sequential steps: (1) The simulation model considers daily and
cumulative Hours of Service (HOS) regulations set by the Federal Motor Carrier Safety
Administration (FMCSA) and (2) A maximal coverage capacitated multiple facility location
optimization model that uses parking usage data from the previous step to deduce parking
expansion locations given budgetary restrictions. The simulation and optimization approach
together works as a user adaptable decision support tool called ParkSIM.
This chapter presents the contributions of the author in developing the tool. The author
provided inputs to the location optimization model, specifically in defining criteria and selecting
sites for parking capacity expansions and estimating budgets for bundled improvements as well
as analyzed different overcrowding estimates from the multiple simulations run under different
HOS. The screening criteria for site selection include land use classification, the land area
available for sale, proximity to interstates and highways, terrain types, and allowance for land
subdivision. The analysis found 42 new locations and 50 existing facilities for expansions, each
of which can be considered for building new parking facilities under three service levels. To
estimate the cost of constructing new truck parking facilities, a proprietary database RSMeans
was used. The cost of a full service facility (e.g., facility with restroom, showers, and food) was
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estimated to $14 million and the cost of basic facility with no service was $2.8 million. The
analysis of the model output revealed that average overcrowding (more than 100% use of
capacity) occurs at 26 of the 168 facilities in Arkansas with many significant overcrowding
issues along the interstates. On average, across all facilities, usage is approximately 33% of total
capacity. Although this seemingly shows provision of adequate capacity, overcrowding at
popular facilities (i.e., along major interstate highways I-30 and I-40) is observed.
3.2 Candidate Facility Selection
The Arkansas Economic Development Commission (AEDC) identifies potential sites for new
commercial and industrial development. Along with location information, the publicly accessible
AEDC database provides information on land area, sale or lease price, former use, and interstate
and highway proximity. Based on several screening criteria, a total of 40 candidate sites were
identified for new parking facility construction projects. Two already planned facilities in
Gurdon and Social Hill are also added to the list of candidate facilities, making the total number
of candidate facilities to 42.
The screening criteria for site selection include land use classification, land area available for
sale, proximity to interstates and highways, terrain types, and allowance for land subdivision.
City zoning maps were used to find the zoning classification of each property. Usually, truck
parking facilities are allowed in ‘C-2’ zoned sites. Based on literature review regarding parking
facility construction projects, a minimum of 5 acres land area was identified as the threshold to
build a new facility (Perry et al., 2017). Thus, the identified new sites all have land area more
than 5 acres. Since most of the truck traffic moves on the interstates and highways, proximity to
these type roadways are important for parking facility location. A 1-mile straight-line distance
band was used for interstate and highway proximity. Again, whether the terrain is flat, hilly, or
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needs clearance for trees and shrubs are important consideration for location selection of parking
since cost can easily go up in site preparation stage depending on the terrain characteristics of a
site. Finally, subdivision is important for large properties, for instance, if a property is large, e.g.,
50 acres and it is not subdividable, it is unnecessary to purchase this land as parking facilities do
not require that large of an area. The project team also considered extending the current parking
facilities. Based on satellite imageries of the current facilities, a total of 50 facilities were
identified to have room for extension.
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Figure 3.1 Spatial distribution of existing and potential new facilities

3.3 Cost Estimation for Capacity Extension
To estimate the cost of constructing new truck parking facilities, a proprietary database
RSMeans was used. RSMeans is one of the leading constructions estimating databases in the
country that provides both aggregated and disaggregated cost data. Two RSMeans databases
were used: Square foot costs with RSMeans data (2016) and Heavy construction costs with
RSMeans Data (2016). To estimate the cost of a new parking facility, cost of site clearance,
earthwork, and improvements were estimated first. Then, cost of bundled improvements such as
restroom, restaurant, and convenience store construction costs were estimated. The details of
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amenities such as number of showers in a typical parking facility were decided based on a site
visit.
The project team visited two truck parking facilities in Russellville and documented the
specifics of amenities provided by those facilities. The new facilities are divided in three
categories based on amenity availability: (i) Full service denoting the facilities that will have
fuel, food, stores, showers, and restroom services; (ii) Partial services are facilities that will have
some combination of amenities (not all) that are provided to the full service facilities; and (iii)
No service facilities are those that only have unpaved lots, no amenities are placed on them. The
capacity of each type facilities is decided based on average size of each type in the existing
facility inventory. The final estimated cost also considers contractor fees, architect fees, sales
taxes, and contingency costs. The estimated costs of new facilities were validated by conducting
stakeholder interviews with experts from several trucking industry stakeholders—ARDOT,
NATSO, ATA, and ATRI. The estimated costs were also compared with the ARDOT’s contract
level item summary data. Table 3.1 provides cost of three different types of service class
facilities and Table 3.2 provides detailed cost breakdown of a full-service facility like Flying J.
in Russellville.
Table 3.1 Estimated costs for new facility construction
Service Class

Cost

Capacity

Full Service

$14,083,462.18

77

Partial Service

$5,834,315.17

40

No Service

$2,795,013.84

20
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Site

Table 3.2 Cost estimation for a service class 1 facility (full service) model: Flying J. in Russellville

Item

Description

Unit

Unit
Price

Quantity

Extended
Cost

Contractor
Fees (25%)

Architect
Fees (8%)

Sales
Tax
(5%)

Contingency
(15%)

Final
Cost

Site Clearing

Remove trees & stumps up to
6" diameter by cut & chip &
stump haul away

1 Acre

7,150.00

4.9

$35,035

$8,758

$2,802

$1,751

$5,255

$53,603

L.F.

5.64

43560

$245,678

$61,419

$19,654

$12,28
3

$36,851

$375,887

Cubic
Yard

9.61

80666.67

$775,206

$193,801

$62,016

$38,76
0

$116,281

$1,186,06
6

Each
CMV

2,094.44
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$173,838

$43,459

$13,907

$8,691

$26,075

$265,973

Square
Feet

11.64

411,948

$4,793,34
5

$1,198,336

$383,467

$239,6
67

$719,001

$7,333,81
8

Square
Feet

111.50

15000

$1,672,50
0

N/A

N/A

N/A

N/A

$1,672,50
0

Square
Feet

209.25

5000

$1,046,25
0

N/A

N/A

N/A

N/A

$1,046,25
0

Each

33,838.0
0

2

$67,676

$16,919

$5,414

$3,383

$10,151

$103,544

Each

2,809.00

15

$42,135

$10,533

$3,370

$2,106

$6,320

$64,466

Total

29,300.0
0

1

$29,300

$7,325

$2,344

$1,465

$4,395

$44,829

Each

4,650.00

20

$93,000

$23,250

$7,440

$4,650

$13,950

$142,290

Square
Feet

333.95

1000

$333,950

Site Earthwork

Site
Improvements

Trenching, common earth, no
slope, 4' wide, 2' deep, 3/8
C.Y. bucket
Excavate common earth, 1/2
CY backhoe, two 8 CY dump
trucks, 1 MRT
Parking lot, 90-degree angle
parking, 6" bituminous
paving, 6" gravel base
Pavement
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Convenience
Store

Amenities

Restaurant

Bathroom
Shower and
Changing
Security
Cameras
Lighting
Truck Wash

1 story building with 12' story
height and 4,000 square feet
of floor area. Exterior wall
wood clapboard.
1 story building with 12' story
height and 3500 square feet
of floor area. Exterior wall
wood clapboard.
Bathroom with urinals, water
closet, sink
Stall, with drain only.
Fiberglass, one piece, with 3
walls, 32"*32" square
Closed circuit television
system (CCTV) surveillance,
one station (camera and
monitor)
Light poles, anchor base.
Aluminum poles 35' high
1 story building with 12' story
height and 1000 square feet of
floor area

$333,950

Table 3.2 (Cont.)

Amenities

Item
Truck Scales
Service Station

Fences
Total

Description
Truck Scales, Digital,
Electric, 60'x10' Platform
1 story building with 12' story
height and 2200 square feet of
floor area
Chain link fences and gates,
gate, chain link, vinyl clad,
single, 4' * 10', excludes
excavation

Unit

Unit
Price

Quantity

Extended
Cost

Contractor
Fees (25%)

Architect
Fees (8%)

Sales
Tax
(5%)

Contingency
(15%)

Final
Cost

Each

71,700.0
0

1

$71,700

$17,925

$5,736

$3,585

$10,755

$109,701

Square
Feet

236.70

5600

$1,325,52
0

N/A

N/A

N/A

N/A

$1,325,52
0

Each

819.00

20

$16,380

$4,095

$1,310

$819

$2,457

$25,061

$10,721,515

$14,083,462
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3.4 Existing Truck Parking Facility Usage Patterns
In total there are 168 existing parking facilities accounting for 6,887 truck parking spaces (total
capacity), and 42 new facilities with maximum possible capacity of 3,160. Facility expansion
costs for no service facilities range from $800,000 to $1.1 million depending on size of the
facility. The full-service facilities cost ranges from $11M to $14M.
Applying ParkSIM under the above-mentioned criteria shows that overcrowding (more than
100% use of capacity) occurs at 23 of the 168 facilities in Arkansas with many significant
overcrowding issues along the interstates (Figure 3.2). On average, across all facilities, usage is
approximately 48% of total capacity. Although this seemingly shows provision of adequate
capacity, overcrowding at key facilities is observed.

Figure 3.2 ParkSIM estimate of parking overcrowding in Arkansas
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3.5 Overnight Observation Comparison
In this section, we provide a brief visual comparison of the overcrowding patterns observed
during ARDOT’s annual overnight truck parking study and the results of ParkSIM. For this
comparison, two noted discrepancies in the two methodologies (Overnight Study and ParkSIM)
should be noted:
1. ARDOT conducts the overnight count study once per year around the first week of
September. The data shown in the figure below is from the 2016 study. The data used to
calibrate ParkSIM also comes from the year 2016, but results represent the average usage
over a two-week simulation period including all days of the week and times of the day.
This temporal discrepancy is attributed to some differences in observed and simulated
truck parking usage.
2. The ARDOT Overnight study represents an instantaneous observation of truck parking. If
the observers happen to arrive during a significant period of overcrowding, then the
facility was marked as overcapacity. It is likely that if the observers took a longer
observation window, the overcrowding may have reduced as trucks found alternate
parking locations nearby or elsewhere along the corridor.
3. The ARDOT Overnight study only includes observations at interstate-adjacent parking
areas. These include truck stops, gas stations, rest areas, hotels, restaurants, large retail
stores, and other large parking areas where trucks were found. Some of the locations in the
ARDOT Overnight study were thus not actual truck stops. The ParkSIM sites include offinterstate locations that were included in the Trucker’s Friend parking facility database
and considers only truck stops and rest areas, both public and private.
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Figure 3.2 and 3.3 show the percent of overcrowding at truck parking facilities in Arkansas. In
general, the areas of overcrowding as observed in the single overnight study and the ParkSIM
simulation are in agreement. Noted similarities and differences in overcrowding include:
1. The degree of overcrowding along I-40 East of Little Rock between Little Rock and West
Memphis. ParkSIM shows three facilities along this corridor that are above 200% capacity
while the ARDOT Overnight Study shows only one facility at this level of overcrowding.
2. The ARDOT Overnight Study shows overcrowding above 200% in the Ft. Smith area
which is not captured by the ParkSIM model.
3. The ARDOT Overnight Study shows overcrowding above 200% along HWY 67 in White
and Jackson Counties but the ParkSIM model does not capture this overcrowding.
4. The ParkSIM model and ARDOT Overnight Study both show overcrowding along the I30 corridor between Little Rock and Texarkana. However, the specific location of
overcrowding differs. This may be due to the closure of a public rest area on this corridor
that affected the data used to calibrate the simulation.
5. The ParkSIM model and ARDOT Overnight Study show mild overcrowding in the Little
Rock area.
The ParkSIM model effectively serves as a way to compare alternate capacity expansion
solutions under the same assumed system usage and driver behavior patterns. The ParkSIM
model can be re-calibrated and fine-tuned with more recent (newer than 2016) data to better
reflect changes in driving patterns, volumes, and/or rest area usage.
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Figure 3.3 Truck parking facility overcrowding from the 2016 ARDOT overnight study
(map from ARDOT)
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Conclusion
This research addresses truck parking shortages for long-haul commercial truck drivers in
three interconnected ways. First, an empirical research was conducted to determine the extent to
which parking facility usage patterns vary by amenity availability. Second, another study
investigated the impact of truck parking facilities impact local economies. Third, a study
determined feasible locations for truck parking facility capacity expansions across a state.
The first study (Chapter 1) used historical, anonymous truck Global Positioning System
(GPS) data to determine the extent to which hourly parking usage patterns, i.e., average parking
duration, percentage of parked trucks, and parking usage ratio, vary by amenity availability. A Kmeans clustering model grouped parking facilities by time of day parking usage patterns, season,
and geographic region. Each cluster, represented by parking usage patterns, was then tied to
unique amenity bundles. In the second study (Chapter 2), a spatial-autoregressive model with
autoregressive disturbances (SARAR) was applied to estimate the impact on commercial and
industrial land values attributed to proximity to truck parking facilities. Finally in the last study
(Chapter 3), several screening criteria for site selection were identified: land use classification,
the land area available for sale, proximity to interstates and highways, terrain types, and
allowance for land subdivision. Additionally, the cost of constructing new truck parking facilities
was estimated using a proprietary database RSMeans was used.
The findings from the study on truck parking usage patterns by amenity availability
reveal that the decision to prioritize restrooms over fuel, showers, and food can better control
overcrowding during overnight periods when longer duration rest are sought at non-amenity
facilities. For truck drivers and fleet managers, information on parking availability patterns at
facilities of different types can allow for more efficient scheduling and routing needed to produce
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more accurate estimated times of arrival (ETAs) and billable miles. The study on the economic
impact of truck paring facilities shows proximity to truck parking facilities increases commercial
and industrial land uses. The study improves our understanding of the impacts of truck parking
facilities on local economies as represented by commercial and industrial land values. This
information can be used to strategically locate new truck parking facilities in such a way as to
minimize negative impacts (decreased property values) while maximizing positive externalities
(transportation accessibility). Finally, the potential locations for capacity expansions and cost
estimation provided important inputs in developing the hybrid simulation and optimization tool.
The tool provided ways to determine feasible locations for capacity expansions considering the
interconnectedness of truck parking facilities such that smaller and distributed capacity
increments could provide a lower cost solution with larger impacts.
The studies described here have a few limitations. As identified in stated preference
studies of truck parking, adjacent highway volume and lighting may influence parking usage
patterns. These variables were not measured in the first study but could be evaluated in future
work. Additionally, fleet associations with truck stop operators could have more impact on
parking usage patterns than the variables evaluated in this work. These parameters are not used
in the model. The spatial econometric model developed in the second study attempted to capture
as many strong predictors of land-values as possible upon reviewing the property value and
transportation infrastructure connection literature. However, due to data unavailability, the study
did not capture some potentially important indicators of land value variability, for instance,
green-area ratio, soil-type, and elevation of the parcels, as well as proximity to factory, industry,
or employment centers. These attributes can have an important bearing on land-values, which are
not captured in the estimated model. Moreover, parking facilities may themselves be located in
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places where land prices are already high such as near highway interchanges. In that case, the
location of facilities may bias the results. Further study is needed to investigate the extent and
magnitude to which parking facility location factors into land values. Then again, depending
upon the type of commercial or industrial land uses, the parking facilities may have a differential
impact. For instance, a parking facility near a professional office may not confer the same benefit
as it potentially can to a retail center. Future studies will attempt to capture how parking facilities
disproportionately impact different types of commercial and industrial land uses. Similarly, the
authors also intend to capture the economic impact of parking on residential land uses. While
data availability will potentially be an issue, the authors are also interested to conduct a beforeafter study to further capture the economic impact of truck parking facilities. Further, the authors
are also interested to conduct sensitivity analyses on the distance band of the disamenity variable
(proximity to interstate track) to better estimate the proximity impact of the interstate. Finally in
the last study, only a handful of criteria were identified for candidate truck parking facility site
selection.
There are several possible extensions to the three studies described in this thesis. In the
first study (Chapter 1), some new variables can be added as inputs of the K-means clustering
model. In the commercial vehicle driver stated- preference survey of ODOT, truck drivers
mentioned parking space width and ease of access (31.9%) and security (20.3%) as two
important factors influencing their stop location choice. New service classes can be defined
adding these two attributes with a binary input for each: for instance, “Yes,” if it is easy to access
the facility, “No”, if it is difficult to access the facility. For security variable, the presence of
security devices such as lightings, fences, around the parking spots. Satellite imageries may be
utilized to gather data on these two service attributes. The methodology developed here can be
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applied to alternate sources of truck movement data (e.g., JB Hunt) and used to analyze changes
in parking behaviors over time. Tracking usage patterns over time would help to characterize the
impacts of infrastructure improvements on parking demand and utilization.
Similarly, the second study (Chapter 2) could be extended in a few ways. This dataset
used in the study only provides assessed value of land, does not contain information on the price
of the properties on land or any kind of improvements to the properties. Instead of assessed
values of land, the property sale transaction data of residential properties can be used as
dependent variables to capture the impact of truck parking facilities on property values. This
dataset will help to add an important attribute of hedonic price models: structural attributes.
Previous studies suggest that the structural characteristics of properties could influence the
probability of housing sales and the transaction price. Several structural attributes of the
properties could be added to model: lot size, gross area, year constructed, number of floors, total
number of rooms, and number of bathrooms. Both local and national economic condition could
impact housing sales. To capture this impact, several macroeconomic variables could be added to
the model: gross national product (GNP), the national level mortgage rate, and the local
unemployment rate. The governing hypothesis is that increased economic activity increases the
probability of housing sales. Unlike commercial and industrial land parcels, residential property
values likely to be affected by proximity to amenities, such as, parks, high-quality school, health
care facility, shopping center and public library. These predictors can be considered for the
model. The study area could be extended to other urban areas (e.g., North Little Rock, West
Memphis) incorporating both public rest areas and private truck stops that are missing in the
original work. For the third study, more rigorous research is needed to identify a comprehensive
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list of factors for truck parking site selection and a robust weightage for each factor also needs to
be developed.
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